
DISPERSE: Combating Congestion with Ensemble Job
Recommendation
Camille Pliquet1,2,*, Solal Nathan1, Yann De Coster2, Bruno Crépon3, Christophe Gaillac4,
Philippe Caillou1 and Michèle Sebag1

1LISN, Université Paris-Saclay, CNRS, Inria, Gif-sur-Yvette, France
2France Travail, France
3CREST, ENSAE, Institut Polytechnique de Paris, Palaiseau, France
4University of Geneva, GSEM, Geneva, Switzerland

Abstract
Job recommender systems, aimed at addressing frictional unemployment due to information overload, might exacerbate the congestion
of the job market, i.e., increase competition among job seekers for some over-recommended job ads. This paper investigates how
to design an ensemble recommendation system, building upon a set of diverse recommendation models, such that it addresses the
congestion at little or no cost in recommendation recall. The proposed approach, called Disperse (DIverse-Seed Penalized Ensemble
Re-ranking for Spread Exposure), is based on a decision rule applied to each job seeker. For each candidate job ad, this rule combines over
all models: the rank of the job ad w.r.t. the job seeker, its market share within each model, and the number of times it has actually been
recommended by the ensemble. Disperse is empirically assessed in two different job recommendation contexts: the public dataset
CareerBuilder-Large, and a proprietary Public Employment Service dataset. The respective trade-offs between the performance and the
congestion are discussed. They suggest that a key factor controlling the trade-off is the tightness of the underlying job market, i.e., the
ratio between the number of job ads and the number of job seekers.
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1. Introduction
Following the general trend toward recommender systems
[1], human resources agencies aim to leverage their data
resources to best recommend job ads to job seekers and vice
versa. As could be expected, the recommendation policies
are geared to the specific priorities of the stakeholders, i.e.,
job seekers and recruiters, while addressing ethical concerns
and complying with legal regulations [2]. Typically, public
employment services (PES) aim at a Job Recommendation
for all [3], as their mission is to leave no one behind [4];
they handle a vast majority of comparatively low-qualified
job ads. In contrast, private companies might be mostly
interested in job ads with high added value [5, 6].

In all contexts however, a job ad is a rival good: it is meant
to be filled once, and a job seeker eventually holds a single
job. A recommendation therefore is not only a statement
about a job seeker and a job ad taken in isolation. It also
lays a claim on a resource that every other job seeker might
be claiming as well. Hence the phenomenon of congestion
— when many job seekers are recommended the same job
ad — is undesired for all stakeholders: it increases the effort
required to get a match. On the job seeker side, it increases
the competition, entailing a lower probability of getting the
job. On the recruiter side, it increases the selection and
interview load. Congestion avoidance thus is among the
chief priorities of Job Recommender Systems (JRS).1
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1Another chief priority, namely the fairness of the JRS with respect to

Building upon the state of the art in the general domain
related to the recommendation of over-popular items [7],
congestion avoidance has mostly been handled in three
manners (more in Section 2). Pre-processing balances the
training data. In-processing adds congestion-related terms
to the loss used to train the recommendation policy. Post-
processing modifies an existing recommendation policy to
comply with some prescribed requirement.

The proposed approach is based on the claim that con-
gestion avoidance requires a global, population-level view
of the job market. Most JRSs, in contrast, are based on
individual-level losses, aimed at recovering the matches in
the data. Some approaches enforce this global mapping of
the job seeker population onto the catalog of job ads, based
on, e.g., optimal transport [8]. The recommendations of
a trained model can be re-allocated in a post-processing
fashion [9], or the mapping can be enforced along an in-
processing scheme [10]. In both cases, the individual per-
spective is accounted for through the cost of transport be-
tween a job seeker and a job ad.

In a post-processing approach, the global perspective is
directly available. Simulating the effect of the current policy
on the job seeker population yields the congestion borne
by each job ad, and by each job seeker. This counter-factual
information measures the congestion as if the policy had
been applied. It can be readily exploited to adjust the trade-
off between the congestion at the population level, and the
recommendation performance at the individual level.

The proposed approach, called Disperse (DIverse-Seed
Penalized Ensemble Re-ranking for Spread Exposure), is a
post-processing approach building upon ensemble learning
[11, 12]. Specifically, several recommendation models are
independently trained from the data, e.g. using different
random seeds, training periods or regions. While such mod-
els achieve similar recall, they only moderately agree on
which job ads they recommend to a given job seeker. This
diversity thus offers each job seeker several roughly equally
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relevant candidate job ads, leaving room to divert the rec-
ommendations away from the most congested ones at little
relevance cost. Interestingly, Disperse can be viewed as a
two-tier approach. In a first tier, the set of job ads relevant
to a specific job seeker is selected, according to at least one
recommendation model. This restricted set allows for more
expensive computation to take place; considering all job ads
for each job seeker would not be feasible at scale. In a second
tier, the eventual recommended job ads are selected among
the candidate ones, by combining their rank in each model
with a penalty on their actual and counter-factual conges-
tion. This congestion is measured by a running count of the
recommendations accumulated by each job ad, as the job
seekers are sequentially processed (Section 3). Note also that
this candidate set filters out irrelevant recommendations, to
some extent: every job ad recommended to a job seeker was
deemed appropriate by at least one recommendation policy.

The empirical validation of Disperse is conducted on
two datasets, the public CareerBuilder-Large (CB-L) [10]
and a proprietary France Travail dataset [3], showing that
different trade-offs between congestion and recall can be
obtained.

Contributions.

• The main contribution is the Disperse approach, a
scalable aggregation of recommender policies. It
aims at limiting the congestion faced by each job
seeker, and the market share of each job ad (number
of job seekers the job ad is recommended to). Dis-
perse only requires the ranked lists returned by the
base models, and a running count of the recommen-
dations issued so far. Its principles thus carry over to
any recommender system where the exposure must
be spread over the catalog, whether or not the items
are rival goods;

• The analysis of the empirical results suggests that a
key factor controlling the feasible trade-offs between
congestion and recall is the tightness of the job mar-
ket. Tightness is the ratio of the number of job ads
to the number of job seekers [13, 14]. For a balanced
market (tightness around 1 in CB-L), Disperse effi-
ciently moves recommendations toward less popular
and still relevant job ads. When the market is slack
(tightness around .6 on France Travail, with job seek-
ers outnumbering job ads), the congestion can only
be limited at a high cost in recall.2

The remainder of the paper is organized as follows. Sec-
tion 2 positions our work with respect to job recommender
systems, congestion, and ensemble recommendation. Sec-
tion 3 describes the congestion-aware ensemble policy. The
experimental setting and the results are respectively pre-
sented in Sections 4 and 5. The paper concludes with some
perspectives for further work.

2. State of the Art
This section briefly introduces the state of the art in job
recommender systems (Section 2.1), before focusing on con-
gestion avoidance in recommender systems (Section 2.2) and
on the general approaches of ensemble recommendation
2Further experiments are required to support this interpretation, as
the two settings also differ in other respects, notably the number of
available base models (five vs two). More in Section 6.

(Section 2.3). The gap addressed by the presented approach
is discussed in Section 2.4.

2.1. Job Recommender Systems
Job recommender systems (JRS) are considered along two
independent dimensions. The first one is the number of
tasks being tackled. A single task recommends job ads to
job seekers, or, less frequently, job seekers to recruiters.
The two tasks can also be tackled jointly, in the so-called
reciprocal recommendation setting. The second dimension
is the number of models trained per task: a single model, or
an ensemble thereof. The present section is concerned with
the first dimension and considers single-model approaches;
ensemble approaches are reviewed in Section 2.3.

Both the single-task and the reciprocal settings are sur-
veyed by Mashayekhi et al. [15]. Most of this literature aims
to learn a relevance score for a (job seeker, job ad) pair.
Each contribution addresses one obstacle to that goal: the
sparsity of the interaction data [16], the two-way nature
of the selection [17], the representation of resumes and job
ads [18], the scale of the pool to be ranked [6], the graph
structure of the past matches [19], the drift of the job seeker
preferences [20], and the granularity of the skills [21]. That
survey also lists congestion among the open challenges of
the field.

The reciprocal setting raises specific evaluation issues, as
a recommendation only succeeds if it is accepted on both
sides. Yang et al. [22] accordingly complement the stan-
dard indicators with metrics assessing the coverage of the
actual matches, the bilateral stability of the recommenda-
tions (whether two matched parties are recommended to
each other), and the balance of the two rankings. A recent
instance in the job market is that of Rus et al. [23], who
train one model per task. A job ad is recommended to a job
seeker when the interest is mutual. How the two rankings
are combined is discussed in Section 2.3.

The setting considered in this paper is that of the French
public employment service, where a JRS is deployed at the
scale of a national job market [3]. In the same setting, Bied
et al. [24] show through two randomized field experiments
that ranking job ads by their sole hiring probability is subop-
timal, even from the individual standpoint of the job seeker.
A welfare-optimal ranking combines the probability that an
application succeeds with the utility the job would deliver.
This line of work considers each job seeker in isolation,
deliberately abstracting away from congestion.

Most of the above approaches share a limitation: they
score a (job seeker, job ad) pair independently of the other
pairs. They are thus blind to the competition faced by a job
seeker on a given job ad. ConFit [18] is a case in point. A
manual inspection of 50 of its errors attributes 28% of them
to job seekers who meet all the requirements of the job ad,
but are outranked by more experienced competitors. The
authors explicitly relate this error mode to their scoring a
pair independently of the other candidates. Such errors are
not amenable to better representations. The information
needed to avoid them is by construction absent from the
scored pair: who else is applying to the same job ad.

2.2. Popularity biases and congestion in
recommender systems

Recommender systems are widely documented to over-
expose already popular items — the so-called popularity



bias, or Matthew effect, “the rich get richer” [25, 26, 7]. Two
distinct mechanisms are at work. In an online setting, the
bias is self-reinforcing: the recommendations shape the in-
teractions, which are in turn used to retrain the model, so
that the bias is amplified along successive retraining cycles
[27]. In an offline setting, no such accumulation takes place
and the over-exposure rather reflects the heavy-tailed distri-
bution of the item popularity in the training data. Mitigation
strategies mostly proceed by causal or counterfactual cor-
rections [28, 29, 30, 31], possibly made robust to shifts of the
popularity distribution [32, 33, 34]. Ning et al. [35] further
distinguish the global popularity of an item, computed over
all users, from its personal popularity, computed over the
users sharing similar interests. Both effects are removed at
inference time.

As job ads are rival goods, the popularity bias re-
sults in congestion: job seekers compete for a few over-
recommended ads while others receive no application, wast-
ing the matching capacity of the market. The term conges-
tion is long-standing in the economics of matching markets
[36, 13]; in the recommender-systems literature it appears
to have been introduced by Ren et al. [37]. They work
on generic catalogs, though motivated by occupancy con-
straints such as restaurant tables or traffic jams. Congestion
is there measured by the Gini index of the recommenda-
tions received by each item, and mitigated by a re-ranking
inspired from the physics of diffusion.3

Congestion-aware approaches are classified, as usual, into
pre-, in- and post-processing. Pre-processing rebalances the
training data before any model is trained. It is the least
common of the three for the popularity bias [7]: Boratto
et al. [38] for instance draw the training pairs along the item
popularity rather than uniformly. To our best knowledge,
it has not been applied to congestion. In-processing in-
corporates congestion in the learning objective, through
an optimal transport term, entropy-regularized so as to
be solved by Sinkhorn iterations within each mini-batch
[39, 10], or through differentiable market-share losses [40].
Post-processing modifies the recommendations of an al-
ready trained model. The job seeker population can be trans-
ported onto the catalog of job ads, at a cost derived from the
recommendation scores [9, 41]. The recommendations can
also be re-ranked under per-ad quantity constraints, there
with a demographic fairness objective [42].

A neighboring line of work allocates the exposure fairly
among the items [43, 44, 45]. It shares with congestion
avoidance the goal of spreading the recommendations over
the catalog. But the exposure of an item can be granted
to many users at once: nothing is lost when two users are
shown the same item. The rivalry is thus left out of the
picture. Li et al. [46] are an exception, and measure the
harm caused by rival goods as the envy between the users
competing for a same item.

The economics of matching markets brings a comple-
mentary, welfare-based perspective, reading congestion as a
coordination failure. As job seekers cannot coordinate, they
over-apply to the same attractive vacancies while compa-
rable ones go unfilled [47], so that ranking each job seeker
along their individual relevance is collectively suboptimal
[48]. A signal posted by the market — a wage in the origi-
nal setting, a ranking in a recommender system — can act

3Diffusion here refers to the heat equation, and not to the family of
generative models bearing the same name. Note that no rivalry is
modeled: what is measured is a popularity bias in the above sense.

as a coordination device and restore efficiency [49]. This
literature also documents that such interventions cut both
ways. Capping the number of applications improves welfare
in some market regimes only [50]. In a field experiment, a
soft cap does cut wasted applications at no cost to hiring,
whereas charging for applications reduces the number of
hires [51]. These levers act on the applications; a recom-
mender system acts one step earlier, on what the job seekers
get to see.

2.3. Ensembling and fusion of
independently trained recommenders

Ensemble methods build upon the diversity of models [52],
be they independently trained considering (subsets of) the
training data as in bagging [11, 12], or trained in a man-
ner enforcing their decorrelation as in boosting [53, 54], or
weighted a posteriori [55, 56]. An early ensembling strat-
egy for recommender systems has been proposed by Jahrer
et al. [57], considering heterogeneous models trained on the
Netflix data, and using a user-dependent weighted linear
combination thereof.

A key issue is whether the ensemble decision proceeds
by combining the scores of each model, or the ranks derived
from them; scores are usually not calibrated. Rank aggrega-
tion builds upon the rich literature on computational social
choice [58, 59, 60] (see also [61]).

To our best knowledge however, few ensemble recom-
menders focus on the congestion issue. Recent ensemble
rankers such as PolimiRank [62], HarmonRank [63] and
UMRE [64] all aim to improve the accuracy of the fused
ranking, while keeping it consistent with the rankings or
objectives being aggregated (see also Yu et al. [65]). None
of them inspects the impact of the ensemble on congestion.
The closest exception is Dong et al. [66], who linearly ag-
gregate the user-oriented and the item-oriented rankings
produced by a single algorithm. They report a reduced Gini
index of the item exposure, at a limited accuracy cost. The
diversity is here obtained from the two reading directions of
one model, rather than from several independently trained
ones. Rank aggregation has also been made fairness-aware
by Aledo et al. [67], whose integer-programming framework
constrains the consensus ranking to preserve the propor-
tion of items belonging to a protected group. The objective
is there the representation of protected attributes, and not
congestion.

In the JRS setting, several approaches tackle the domain
adaptation problem of transferring recommendation mod-
els across markets or domains [68] (see also [62, 69]). As
expected [70], the benefit of domain adaptation depends on
the proximity of the source and target domains. Returning
to the two-task setting of Section 2.1, Rus et al. [23] illustrate
a distinct type of ensemble. The candidate-oriented and the
recruiter-oriented models are trained separately, and their
rankings are fused, so that a job ad is recommended when
the interest is mutual. A variant learns the fusion weights
for each candidate, trading the mutual interest against the
exposure granted to under-represented groups of job ads.

2.4. Discussion
To summarize, congestion per se has essentially been tackled
at the level of a single model, either by adding a congestion
term to the training objective [35, 39], or by repairing the
recommendations of a trained model in a post-processing



step [9]. Ensembles of recommenders, on the other hand,
mostly aim at maximizing the accuracy of the recommenda-
tion, and/or the fairness of the exposure among items.

The fairness objective, e.g., ensuring a similar exposure
to all items, is indeed related to the congestion objective.
We claim however that both objectives differ in imbalanced
contexts, such as that of the job market, where job seekers
commonly outnumber job ads. Equalizing exposure on av-
erage does not prevent some job seekers from facing severe
competition on some recommended job ads.

Ensembling is not, in itself, a decongestion device. Av-
eraging several models does flatten the tails of their score
distributions, which might be expected to ease congestion.
Empirically, however, the naive ensemble does not reduce
congestion on either dataset: it leaves it essentially un-
changed on BFC and slightly degrades it on CB-L (Section 5).
One mechanism works against decongestion. Fusing models
trained on different regions or periods amounts to ranking
along the popularity of the pooled population, rather than
that of any single model. This pooled popularity is a coarser
aggregate, and thus more congestion-prone, in the sense of
the global vs personal popularity of Ning et al. [35]. A re-
lated caveat is that correcting a single bias factor is known to
be insufficient when the item selection is driven by several
factors at once [71]. Here, these factors are the popularity
of a job ad, and the region or period its model originates
from. Our experiments do not probe this regime, as the base
models differ by their random seed only.

The question is thus how an ensemble can best be turned
into a decongestion device. The approach presented below
builds upon an ensemble of models, and seeks an ensembling
method that reduces the congestion over the job ads. The
diversity of the models can be obtained by training them
with different random seeds, or on different periods of time
or geographical regions.

3. Algorithm
We propose a model-agnostic, post-processing algorithm
that turns the outputs of several base job recommenders
into a single set of recommendations while controlling con-
gestion. The algorithm proceeds in two stages. First, a
seed-ensembling stage reconciles the ranked lists produced
by the different seeds into a single score per (seeker, job ad)
pair, combining, for each job ad, how highly it is ranked and
its market share (subsection 3.2, subsection 3.3). Second,
a greedy congestion-control stage sequentially assigns job
ads to job seekers, discounting job ads in proportion to how
often they have already been recommended (subsection 3.4,
subsection 3.5).

3.1. Notations and problem setup
Let 𝒳 = {𝑥1, . . . , 𝑥𝑛} denote a set of 𝑛 job seekers and
𝒴 = {𝑦1, . . . , 𝑦𝑚} a set of 𝑚 job ads. A recommender
model 𝑀 expresses the adequacy between a job seeker 𝑥
and a job ad 𝑦 through a real-valued score 𝑠(𝑥, 𝑦). For a
given 𝑥, the score function thus induces a ranking over the
𝑦s, denoted 𝑟𝑥(𝑦). A JRS usually recommends the top-𝑘 job
ads according to 𝑟𝑥 to each user 𝑥, with 𝑘 = 10 most often.

Let 𝑀1, . . . ,𝑀𝑁 denote a set of 𝑁 recommender mod-
els.4 For a job seeker 𝑥, each model returns an ordered

4In the experiments, the models are independently learned from the
same training set using the same neural architecture. More gener-

Top-𝐾 list (𝐾 ≫ 𝑘; 𝐾 is set to 100 in the experiments) :

𝑀𝑖(𝑥) =
(︀
𝑦𝑖,1, . . . , 𝑦𝑖,𝐾

)︀
, 𝑖 ∈ {1, . . . , 𝑁}

where 𝑦𝑖,1 is the highest-ranked job ad.

Candidate pool (the bag): For a job seeker𝑥we consider
the union of the recommendations produced by all models,

𝐵(𝑥) =

𝑁⋃︁
𝑖=1

{𝑦𝑖,1, . . . , 𝑦𝑖,𝐾} ⊆ 𝒴 (1)

so that 𝐾 ≤ |𝐵(𝑥)| ≤ 𝑁𝐾: if the lists of the 𝑁 models
overlap completely, the candidate pool is minimal (|𝐵(𝑥)| =
𝐾), whereas if they are pairwise disjoint it reaches its maxi-
mal size (|𝐵(𝑥)| = 𝑁𝐾). All subsequent scoring is defined
over the pairs (𝑥, 𝑦) with 𝑦 ∈ 𝐵(𝑥).

Guidelines The market-share penalty of subsection 3.2
is computed within each base model, so that the correction
tracks the bias of each model separately. The ensemble uses
a global counter (subsection 3.4) to handle the actual con-
gestion of the fused output. Overall the ensemble algorithm
aims to: (i) exploit seed diversity to obtain a more robust
relevance estimate than any single model provides, and (ii)
spread recommendations across the non-recommended or
less recommended job ads.

3.2. Rank and market-share signals
Two complementary signals are extracted from the base
recommenders.

Rank: For each model 𝑀𝑖 and each pair (𝑥, 𝑦) with 𝑦 ∈
𝐵(𝑥) we define the rank

𝑟𝑖(𝑥, 𝑦) =

{︃
position of 𝑦 in 𝑀𝑖(𝑥), if 𝑦 ∈ 𝑀𝑖(𝑥)

𝐾 + 1, otherwise
(2)

so that 𝑟𝑖(𝑥, 𝑦) ∈ {1, . . . ,𝐾+1}, the value𝐾+1 encoding
the absence of 𝑦 from the list of model 𝑀𝑖. We use the
normalized rank:

𝑟𝑖(𝑥, 𝑦) =
𝑟𝑖(𝑥, 𝑦)

𝐾 + 1
∈

(︁
0, 1

]︁
(3)

Market share: For a model 𝑀𝑖, the market share of a job
ad 𝑦 is its empirical recommendation frequency over the
whole population,

𝑀𝑆𝑖(𝑦) =

⃒⃒
{𝑥 ∈ 𝒳 : 𝑦 ∈ 𝑀𝑖(𝑥)}

⃒⃒
𝐾 𝑛

(4)

the denominator 𝐾𝑛 being the total number of recommen-
dations produced by 𝑀𝑖. The market shares measure model-
level congestion: in the case of high congestion, a few job
ads concentrate a large recommendation mass while most
are almost never recommended (the ensemble aims to lever-
age the fact that over-popular job ads may differ from one
model to another). Note that 𝑀𝑆𝑖 is computed once for
each model.

The two indicators (rank and model-based market share)
are aggregated into a linear combination (Eq. 6).

ally, the model diversity can be enforced using different model spaces,
and/or training data gathered across different geographical or temporal
contexts.



Log-normalization of the market share: The choice
of a linear aggregation is hindered by the scale of the two
indicators and the distribution of the market shares: most
values of 𝑀𝑆𝑖 are concentrated near 0 when the normalized
rank 𝑟𝑖 lives on [0, 1]. Therefore, setting a single𝜆weight on
the market shares can hardly be effective: for small 𝜆 values
the market share impact is negligible against the rank term,
whereas a large 𝜆 over-penalizes the most recommended
job ads5 and overwhelms the rank signal (thus adversely
affecting the recommendation relevance) and leaves them
behind moderately recommended job ads.

For this reason, a log transformation [72] is first applied
on the market shares (where the small positive factor 𝜀 set
to 10−8 in the experiments, is used to prevent numerical
issues) :

̃︂𝑀𝑆𝑖(𝑦) =
log

(︀
𝑀𝑆𝑖(𝑦) + 𝜀

)︀
− log 𝜀

log
(︀
𝑀𝑆max

𝑖 + 𝜀
)︀
− log 𝜀

∈ [0, 1], (5)

𝑀𝑆max
𝑖 = max

𝑦∈𝒴
𝑀𝑆𝑖(𝑦)

This transformation maps the market share onto [0,1], ex-
panding the low-mass region while contracting the tail, so
that ̃︂𝑀𝑆𝑖 is commensurable with 𝑟𝑖.

3.3. Per-model score
For each model 𝑀𝑖 we combine the two normalized signals
into a per-model score (the higher the better) :

𝑣𝑖(𝑥, 𝑦) = − 𝑟𝑖(𝑥, 𝑦) − 𝜆 ̃︂𝑀𝑆𝑖(𝑦), 𝜆 ≥ 0 (6)

The first term rewards top-ranked job ads; the second pe-
nalizes job ads that are already congested within model 𝑀𝑖.
Hyperparameter 𝜆 acts as a trade-off weight between rank
quality and model-level popularity.6

3.4. Congestion-aware ensemble score
Aggregation: The per-model scores
𝑣1(𝑥, 𝑦), . . . , 𝑣𝑁 (𝑥, 𝑦) are aggregated into a single
score through an operator 𝐴𝑔𝑔 ∈ {max, mean, min}:

𝑉 (𝑥, 𝑦) = 𝐴𝑔𝑔(𝑣1(𝑥, 𝑦), ..., 𝑣𝑁 (𝑥, 𝑦)) (7)

where the aggregation operator 𝐴𝑔𝑔 is one of

max
𝑖

𝑣𝑖(𝑥, 𝑦),
1

𝑁

𝑁∑︁
𝑖=1

𝑣𝑖(𝑥, 𝑦), min
𝑖

𝑣𝑖(𝑥, 𝑦).

(8)
The three operators induce qualitatively different ensem-
bling regimes. The max operator is optimistic: it retains a
job ad as soon as one seed ranks it well, favoring recall over
agreement. The min operator is conservative (consensus): a
job ad scores well only if all seeds concur, favoring precision
and stability. The mean interpolates between the two.

5Note that the ensemble will consider instant market shares, sequentially
computed using a counter (Eq. 9), thus offering another mitigation of
the (ensemble-based) over-recommended job ads.

6The [0, 1] scale is not strictly necessary, since 𝜆 is unbounded and
could be any given value, it could absorb any rescaling of the signals.
Its role is instead to make 𝜆 interpretable as a relative weight, so that
𝜆 = 1 weights market share and rank.

Congestion-counter score: The ensemble decision
making involves a counter 𝑐(𝑦) (𝑐 : 𝒴 → N), initialized
to 0, recording the number of times job ad 𝑦 has been rec-
ommended so far during the algorithm pass over the job
seekers. Eventually, the ensemble selection considers the lin-
ear combination of the aggregated score 𝑉 (𝑥, 𝑦) and 𝑐(𝑦),
weighted with penalty weight 𝛼 ≥ 0 :

𝑆(𝑥, 𝑦) = 𝑉 (𝑥, 𝑦) − 𝛼 𝑐(𝑦) (9)

Along this selection rule, a job ad already recommended
many times becomes progressively less attractive, even if
its base score is high; note that the penalty is unbounded.7

3.5. Sequential assignment
Sequential decision making is considered in Disperse, itera-
tively selecting 𝑘 recommendations for each job seeker (in
random order; more on this below). For each job seeker 𝑥,
top-10 job ads are selected from the candidate pool 𝐵(𝑥),
forming a ranked list 𝐿(𝑥) :

𝐿(𝑥) = top-𝑘 𝑦∈𝐵(𝑥) 𝑆(𝑥, 𝑦), (10)

Counter 𝑐 is incremented by 1 for all job ads in 𝐿(𝑥), en-
abling to gradually lower their 𝑆 scores for all further job
seekers and enabling to consider other alternatives, thus
regulating the global congestion suffered by the ensemble.

Because the counter 𝑐(·) is updated during the process,
the output is order-dependent: the later a job seeker 𝑥 is
considered, the lower their chances of being recommended
their best job ads, if these have often been recommended
earlier. Processing job seekers in a random order (the choice
in our experiments) treats them exchangeably in expecta-
tion, whereas a fixed priority order lets attractive job ads be
allocated first to a chosen subgroup. We shall return to this
point in Sections 5 and 6.

4. Experimental setting
The goal of the experiments is to assess the trade-off be-
tween the recommendation performance and the congestion
achieved by the ensemble.8 A secondary goal is to assess
the stability of the ensemble w.r.t. its hyperparameters, and
identify the hyperparameter configurations most appropri-
ate depending on the considered job market. Another goal
is to assess the variance of the performance w.r.t. the order
of the job seekers (Section 3.5).

Datasets and Individual Models For the sake of repro-
ducibility, we first consider the public CareerBuilder-Large
(CB-L) dataset [10], an extract of the CareerBuilder dataset
released for the Kaggle Job Recommendation Challenge [73].
It involves 42,346 job seekers and 40,542 job ads, with a
median number of 7 applications per job seeker. Five models,
independently trained using the same training and valida-
tion subsets with different random seeds, are learned by
optimizing the binary cross-entropy loss [40].

The second dataset is a proprietary France Travail dataset,
gathered in the Bourgogne Franche-Comté region in 2025
7An alternative, for further work, is to cap the number of times a job ad
can be recommended.

8The ensemble code and the per-model job-seeker/job ad rankings on
CB-L are publicly available at https://gitlab.com/vadore/DISPERSE.
The BFC rankings are derived from proprietary France Travail data
and cannot be released.

https://gitlab.com/vadore/DISPERSE


and referred to as BFC, involving 72,589 job seekers and
44,735 job ads, with one match per job seeker. Two models9

are likewise independently trained on BFC (weeks from the
9th week in 2023 to the 9th week in 2025) using different
random seeds.

Performance indicators A first performance indicator
is the recall@10 (R@10), averaging over the job seekers the
percentage of their applications (for CB-L) or matches (for
BFC) that belong to the top-10 recommended job ads. On
CB-L, the recall is measured on the pre-defined test set; on
BFC, the recall is measured over the matches during the
18th week in 2025.

The congestion is measured by the Gini index of the mar-
ket shares of the job ads. For a policy recommending a list
𝐿(𝑥) of 𝑘 job ads to each job seeker 𝑥 (Eq. 10), the market
share of a job ad 𝑦 is its share of the 𝑘 𝑛 recommendations
issued :

𝑀𝑆(𝑦) =

⃒⃒
{𝑥 ∈ 𝒳 : 𝑦 ∈ 𝐿(𝑥)}

⃒⃒
𝑘 𝑛

,
∑︁
𝑦∈𝒴

𝑀𝑆(𝑦) = 1

(11)
Eq. 4 is the same quantity, computed on the top-𝐾 lists in-
ternally used by Disperse. Originally a measure of income
inequality [74] and since adapted to item exposure in recom-
mender systems [75], the Gini index over this distribution
reads :

Gini =

∑︀
𝑦∈𝒴

∑︀
𝑦′∈𝒴

⃒⃒
𝑀𝑆(𝑦)−𝑀𝑆(𝑦′)

⃒⃒
2𝑚

(12)

It ranges from 0, when all job ads are recommended equally
often, to 1−1/𝑚, approached when a single job ad captures
all recommendations: the lower the Gini index, the lower
the congestion. Being computed over the whole catalog 𝒴 ,
it accounts for the job ads that are never recommended, and
it is computed identically for the individual models, their
naive ensemble and Disperse. We also report the coverage
(percentage of job ads recommended at least once).

Because Disperse processes the job seekers sequentially,
its output depends on their ordering as soon as 𝛼 > 0.
Each configuration is therefore run over 10 independent
random orderings of the job seekers, and we report the mean
and standard deviation of every performance indicator over
these 10 runs.

Hyperparameter setting The bag of job ads associated
with each job seeker includes the union of top-K (K=100)
job ads over all models. Other hyperparameters include the
penalty weight 𝜆 ≥ 0 on the market shares (Eq. 6) and the
weight 𝛼 ≥ 0 on the instant market share of the job ads (Eq.
9). A discrete hyperparameter is the mode of aggregation
of the values (Eq. 8). Their domain of variation is reported
in Table 1, amounting to 324 configurations.

Analysis The results, measuring the performance and
Gini index obtained over all hyperparameter configura-
tions, are summarized in a 2D plot, depicting the best (non-
dominated) trade-offs along their Pareto front [76].

These trade-offs are assessed with respect to reference
points, respectively corresponding to the recall-congestion
9These models are two-tier neuronal nets using both job seeker and
job ad descriptions [3]. Only two models were considered due to the
computational resources; further work is concerned with handling
more models in BFC.

Table 1
Disperse hyperparameters and range

Hyperparameter Values

𝜆 (market-share
weight)

{0, 0.001, 0.005, 0.01, 0.05, 0.1, 0.25,
0.5, 1}

agg (aggregation) {max, mean, min}
𝛼 (congestion penalty) {0, 10−4, 5 · 10−4, 10−3, 2 · 10−3,

5·10−3, 10−2, 2·10−2, 5·10−2, 10−1,
2 · 10−1, 5 · 10−1}

of each model, and that of their naive ensemble, correspond-
ing to Disperse with configuration 𝛼 = 𝜆 = 0 and mean
aggregation mode.

5. Empirical validation
This section reports on the empirical results of Disperse
on CB-L and BFC. It proposes some analysis of the effect of
the job market tightness, the ratio between the number of
job ads and the number of job seekers, on the trade-off be-
tween the performance and the congestion of the ensemble
recommender.

5.1. Results on CB-L
The reference regime On this dataset, the individual
recommendation models obtain on average moderate recall
(.181) and Gini index (.495), with a coverage of .940. The 5
individual models explore different regions of the job-ads
space (the top-10 recommendations overlap by 44% on av-
erage). Most interestingly, the naive ensemble approach
yields a gain in recall (from .181 to .212) while moderately
degrading the Gini index (from .495 to .544), and the cov-
erage (from .940 to .912). The dataset thus appears to be
comparatively difficult in terms of recall, with a low con-
gestion, where the naive ensemble alone yields recall gains,
while degrading lightly the congestion.
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Figure 1: Disperse on CB-L: Recall-Gini performances over all
hyperparameter configurations, and the corresponding Pareto
front computed on the validation set.

The Pareto front The Pareto front (Fig. 1) starts (top
right) at its highest recall configuration, and correspond-
ingly highest Gini index (R@10.223 and Gini .549, valida-
tion set). When going to the left (lower recalls and Gini



indices), the Pareto front shows two regimes. In a first seg-
ment with low slope, the recall degrades very gracefully
for a substantial improvement of the Gini index: bringing
Gini to ≈ .10 reduces the recall to ≈ .17 (thus a 23% loss).
In the second segment (sharp slope) recall decreases very
sharply as the Gini index reaches its empirical minimum
(Gini .031, coverage 100%).

A few representative Disperse configurations are re-
ported in Table 2: recall (respectively Gini) monotonically
degrades (resp. improves) as 𝛼 increases.

Table 2
Disperse on CB-L: representative Pareto-optimal configurations
selected on the validation Pareto front, with R@10measured
on the test set, from relevance-optimal (top) to Gini-optimal
(bottom). The first line is the baseline (naive ensemble). Values
are means over 10 seeds (independent random orderings of the
DEs). Dispersion across seeds is small: standard deviations do not
exceed .0054 (R@10), .0004 (Gini), .0003 (Entropy) and .0005
(Cov.)

𝜆 agg 𝛼 Gini Cov. Entropy R@10

.0 mean .000 .544±.0000 .912 10 .097±.0000 .212±.0000

.05 max .000 .549±.0000 .911 10.086±.0000 .202±.0000

1.0 mean .000 .502±.0000 .942 10.177±.0000 .212±.0000

.5 mean .005 .449±.0004 .957 10.273±.0002 .207±.0018

1 mean .01 .375±.0002 .980 10.378±.0003 .202±.0029

.5 max .010 .264±.0004 .993 10.493±.0002 .187±.0029

1.0 mean .050 .195±.0003 1.000 10.548±.0002 .185±.0022

1.0 mean .100 .131±.0002 1.000 10.582±.0001 .174±.0028

1.0 mean .200 .081±.0004 1.000 10.599±.0001 .162±.0035

2.0 max .500 .031±.0003 1.000 10.608±.0000 .128±.0054

Two configurations with 𝛼 = 0 deserve a specific men-
tion. With mean aggregation, 𝜆 = 1.0 matches the recall
of the naive ensemble (.212) while lowering the Gini index
from .544 to .502: the model-level market-share penalty
alone, with the congestion counter switched off, already
relieves 8% of the congestion at no cost in recall. The
relevance-optimal point of the validation front, 𝜆 = .05
with max aggregation, does not carry over to the test set:
its test recall (.202) falls below that of the naive ensemble,
at a marginally higher Gini (.549 vs .544).

This quasi-concave Pareto front suggests that a substan-
tial part of the initial congestion can be mitigated, by moving
recommendations toward less popular job ads at little recall
cost. Such a move is facilitated by the fact that the job mar-
ket tightness (ratio of the number of job ads to the number
of job seekers) is around 1, thus a balanced market, and
each job seeker is associated with several job ads, making it
feasible to reallocate recommendations (all the more so as
each job seeker applies on several job ads).

Sensitivity w.r.t. hyperparameter 𝛼 The sensitivity of
the recall and Gini index w.r.t. 𝛼 (the penalty weight of the
current market share in the ensemble decision, Eq. 9) is
respectively displayed in Figs. 2 and 3, for different values
of 𝜆 (penalty weight on the model-dependent market share,
Eq. 6), and different aggregation mechanisms (Eq. 8). For
readability, only four values of 𝜆 are depicted, the remaining
values are deferred to Appendix A.1.

More generally, as𝛼 increases from 0 to .1 (rightmost part
of the Pareto front, Fig. 1), the recall degrades gradually,
whereas the Gini index decreases sharply. For higher 𝛼
values (> .1, leftmost part of the Pareto front), the recall

decreases sharply whereas the Gini index is almost flat and
close to its minimum.

The max aggregation mode is the one with the most im-
pact on both recall and Gini. For 𝜆 = .1, increasing 𝛼 from
0 to 10−3 entails a 9% Gini decrease (from .543 to .492) and
a 3% recall drop (from .222 to .216). Note however that in
terms of recall only, max is dominated by other aggregation
modes (min and mean) except for very small values of 𝛼
(close to the reference point).

0.14

0.16

0.18

0.20

0.22

Re
ca

ll@
10

= 0.0 = 0.01

0.0 0.1 0.2 0.3 0.4 0.5

0.14

0.16

0.18

0.20

0.22

Re
ca

ll@
10

= 0.1

0.0 0.1 0.2 0.3 0.4 0.5

= 1.0

Recall@10 as a function of 

agg
max mean min

Figure 2: Disperse on CB-L: Sensitivity of R@10w.r.t. 𝛼, for
different aggregation modes and 𝜆 ∈ [0, .01, .1, 1] (from top-left
to bottom-right sub-images).
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Figure 3: Disperse on CB-L: Sensitivity of Gini index w.r.t. 𝛼, for
different aggregation modes and 𝜆 ∈ [0, .01, .1, 1] (from top-left
to bottom-right sub-images).

The respective gains in Gini (∆Gini) and recall (∆Recall)
and their ratio are depicted in Table 3, showing that most
gains in terms of the Gini index occur for low values of 𝛼,
at the expense of a moderate loss of recall (a gain of 50%
in Gini costs circa 10% in recall). Additionally, 𝛼 is fully
effective in the sense that it can effectively bring Gini close
to its minimum.

Sensitivity w.r.t. hyperparameter 𝜆 and aggregation
mode Figure 4 shows the (recall, Gini index) Pareto front
attached to the different values of 𝜆 (in color) for different
values of 𝛼 for all three aggregation modes (large values of 𝜆
are discarded due to poor results). As above, the Pareto front
shows a gentle slope close to the reference point. The max
aggregation mode reaches the reference point; the Pareto
fronts associated with diverse 𝜆 values show a relatively



Table 3
Disperse on CB-L: Recall, Gini index and coverage achieved vs
𝛼 for a few configurations on the Pareto front; the efficiency is
measured by the ratio of Gini gain per unit of recall lost (𝜆 = .1,
agg = max).

𝛼 R@10 Gini Cov. |ΔGini|
|ΔRec.|

ΔCov.
|ΔRec.|

.000 .222 .543 .918

.001 .216 .492 .939 7.87 3.26

.002 .213 .449 .953 15.58 5.20

.005 .206 .364 .975 13.10 3.32

.010 .198 .288 .988 9.47 1.64

.020 .192 .217 .995 10.62 1.10

.050 .176 .147 .999 4.42 .23

.100 .164 .110 1.000 3.12 .07

.500 .134 .039 1.000 2.37 .00

high variance. The mean aggregation mode is much more
stable w.r.t. 𝜆 and it dominates the other modes except for
very low 𝜆.
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Figure 4: Disperse on CB-L: Sensitivity of the (recall; Gini index)
Pareto front for 𝜆 varying in [0, 1], with aggregation mode max,
mean and min from top to bottom.

Discussion Two facts characterize this dataset. Firstly,
the naive ensemble trades a marginal congestion cost for a

large recall gain over the individual models (R@10 from .181
to .212, Gini index from .495 to .544). Secondly, Disperse
improves on the naive ensemble on the congestion side (Gini
index from .544 to .502) at unchanged recall (R@10 .212);
moving further along the Pareto front then trades recall for
lower congestion.

The two penalty weights play distinct roles. Weight 𝜆
acts on the popularity each base model has inherited from
its training data: with mean aggregation and 𝛼 = 0, raising
𝜆 from 0 to 1 lowers the Gini index from .544 to .502 at
unchanged recall. Weight 𝛼 acts on the congestion the
ensemble itself builds up as it processes the job seekers,
and is the weight that actually navigates the front: it alone
brings the Gini index close to its empirical minimum, and it
does so at a recall cost.

The choice of the best hyperparameter configuration, that
is, the desired trade-off on the Pareto front, indeed belongs
to the stakeholders. With similar priorities between the
recall and the congestion objectives, an achievable trade-off
could be to halve the Gini index w.r.t. the naive ensemble
(from .544 to .264) and raise coverage to 99% while keeping
88% of its recall, with configuration 𝜆 = .5, aggregation
max, 𝛼 = 10−2. Most generally, the Pareto front shows
that trade-offs exist, with lower congestion at the expense
of little performance loss.

5.2. Results on BFC
The reference regime On this dataset, the two consid-
ered individual recommendation models obtain compara-
tively high recall (.411 and .418) and a very high Gini index
(.921 and .915), with a moderate coverage (.402, .418). The
two models are moderately different (the top-10 recommen-
dations overlap by 50% on average). The naive ensemble
approach yields a moderate gain in recall (.427) at an essen-
tially unchanged Gini index (.921, vs .921 and .915 for the
individual models), and a slightly lower coverage (.376, vs
.402 and .418). The congestion is very high near the ref-
erence point (Gini above .89) and, as shown below, cannot
be brought below .537, reflecting a market where each job
seeker has essentially one match. Unlike on CB-L, where
ensembling slightly worsens the Gini, here it leaves it essen-
tially unchanged; in neither dataset does ensembling reduce
congestion.
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Figure 5: Disperse on BFC: Recall-Gini performances over all
hyperparameter configurations, and the corresponding Pareto
front. The Gini index is computed over the whole catalog.



The Pareto front Figure 5 displays the Pareto front ob-
tained on the BFC dataset. Interestingly, Disperse domi-
nates the naive ensemble (Recall@10 = .440 vs .427, Gini
.898 vs .921, coverage .453 vs .376). Thereafter, the Pareto
front declines from the reference point and flattens against
a Gini floor around .537, reached only for a very poor recall
(.076); it cannot be pushed lower.

A few representative Disperse configurations are re-
ported in Table 4: recall (respectively Gini) sharply decreases
(resp. slightly improves) monotonically as 𝛼 increases.

Table 4
Disperse on BFC: representative Pareto-optimal configurations,
from relevance-optimal (top) to Gini-optimal (bottom). The first
line is the baseline (naive ensemble). The Gini index is computed
over the whole catalog. Results are for a single ordering of the
job seekers (no multi-seed averaging on BFC).

𝜆 agg 𝛼 Gini Cov. Entropy Recall@10

.0 mean .000 .921 .376 8 .306 .427
.5 mean .000 .898 .453 8.607 .440
1.0 mean .000 .868 .610 8.908 .413
1.0 mean .0001 .855 .631 9.052 .380
.1 max .001 .804 .566 9.375 .309
1.0 max .001 .750 .727 9.619 .284
1.0 max .002 .717 .749 9.737 .252
1.0 mean .005 .673 .791 9.876 .223
.1 mean .010 .650 .753 9.924 .188
1.0 mean .020 .588 .816 10.069 .151
1.0 mean .100 .547 .826 10.131 .110
1.0 mean .500 .537 .829 10.141 .076

A key difference compared to the CB-L experiments is
that the Gini index cannot be decreased below .537 (ob-
tained for a very low recall) whereas it reaches .031 for
CB-L. This difference is interpreted as reflecting the fact
that job seekers have essentially one match in the training
data (corresponding to a hire as opposed to an application
in CB-L), favoring the lesser diversity of the models; more-
over, only two models are considered.10 Given this restricted
diversity, the ensemble does not manage to move recom-
mendations toward less popular job ads at limited recall
cost.

Sensitivity w.r.t. hyperparameter 𝛼 The sensitivity of
the recall and Gini index w.r.t. 𝛼 (Eq. 9) is respectively dis-
played in Figs. 6 and 7, for different values of 𝜆 (Eq. 6), and
different aggregation mechanisms (Eq. 8). For readability,
only four values of 𝜆 are depicted, the remaining values are
deferred to Appendix A.2.

The respective gains in Gini (∆Gini) and recall (∆Recall)
and their ratio are reported in Table 5, showing that sub-
stantial losses in recall are suffered to gradually improve the
Gini index and the coverage. For 𝜆 = .1 and agg = max,
increasing 𝛼 to 10−4 decreases the Gini index by 3% (from
.907 to .879), at the cost of a recall drop of 10% (from .419
to .378). For 𝛼 = 10−3 the Gini index decreases by 11%
(from .907 to .804), at the cost of a recall drop of 26% (from
.419 to .309).

There exists no Disperse configuration in the considered
range that can halve the Gini index, although the coverage
can be considerably increased (though for a poor R@10).

10Furthermore, the slackness of the job market (tightness around .6)
also explains the overlap among recommendations, focusing on e.g.
sectorial or geographical markets.
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Figure 6: Disperse on BFC: Sensitivity of Recall@10 w.r.t. 𝛼, for
different aggregation modes and 𝜆 ∈ [0, .01, .1, 1] (from top-left
to bottom-right sub-images).
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Figure 7: Disperse on BFC: Sensitivity of Gini index w.r.t. 𝛼, for
different aggregation modes and 𝜆 ∈ [0, .01, .1, 1] (from top-left
to bottom-right sub-images).

Table 5
Disperse on BFC: Recall, Gini index and coverage achieved vs
𝛼 for a few configurations on the Pareto front; the efficiency is
measured by the ratio of Gini gain per unit of recall lost (𝜆 = .1,
agg = max). The Gini index is computed over the whole catalog.

𝛼 Recall@10 Gini Cov. ΔRec. |ΔGini|
|ΔRec.|

ΔCov.
|ΔRec.|

.000 .419 .907 .456
.0001 .378 .879 .481 −.041 .67 .60
.0005 .342 .834 .530 −.037 1.23 1.33
.001 .309 .804 .566 −.033 .93 1.11
.002 .276 .765 .614 −.033 1.19 1.46
.005 .211 .698 .695 −.065 1.02 1.24
.010 .178 .644 .749 −.033 1.65 1.64
.020 .133 .601 .785 −.045 .96 .80
.050 .112 .565 .809 −.020 1.74 1.16

Sensitivity w.r.t. 𝜆 and aggregationmode High values
of 𝜆 result in a poor trade-off between congestion and recall,
even more markedly than in CB-L. This fact is attributed to
the larger market share of job ads (Eq. 6), making the value
poorly informative of the rank and adversely affecting the
relevance of the recommended job ads by putting job ads
with low market share first. The impact of the aggregation
mode is comparatively negligible (this must be taken with a
grain of salt as only two models are considered).



Interestingly however, the best recall is obtained with
Disperse with configuration 𝜆 = .5, mean, 𝛼 = 0, improv-
ing recall w.r.t the baseline (.427 to .440) and Gini index
(.921 to .898).
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Figure 8: Disperse on BFC: Sensitivity of the (recall; Gini index)
Pareto front for 𝜆 varying in [0, 1], with aggregation mode max,
mean and min from top to bottom.

Discussion Disperse results on BFC contrast with those
on CB-L, as the trade-off between congestion and recall of-
fers no sweet spot: the Pareto front is nearly linear before
flattening against a Gini floor around .537, in contrast with
the concave shape of the CB-L front. Two tentative interpre-
tations are offered for this negative result. On the one hand,
the dataset reflects a slacker job market (tightness around
.6), with job seekers outnumbering job ads. On the other
hand, only two models were considered due to computa-
tional and memory bounds, thus supporting the ensemble
with less information.

On the impact of the job-seeker ordering Since the
counter 𝑐(𝑦) is updated as job seekers are processed, the
output depends on their ordering once 𝛼 > 0; at 𝛼 = 0
each recommendation is computed independently and every
metric is invariant across orderings. On CB-L, averaging
over 10 random orderings shows this dependence to be small

for the concentration metrics (the Gini standard deviation
does not exceed .0004) and moderate for recall (up to .0054),
well below the variation induced by the hyperparameters; a
single random ordering is thus already representative. On
BFC, results are reported for a single ordering; given its
tighter offer supply, the ordering effect is expected to be at
least as large, but it is not quantified here.

6. Conclusion and Perspectives
The presented ensemble recommender system, Disperse,
has demonstrated its ability to comprehensively explore the
trade-off between congestion and recall on two datasets with
different characteristics. On the public CareerBuilder-Large
dataset, a concave Pareto front is obtained, and some decent
improvement of the congestion can be obtained with limited
loss in recall. On the proprietary France Travail BFC dataset,
the Pareto front decreases quasi linearly and abruptly from
its reference recall and Gini index to a situation where the
congestion is still high and the recall is quite low.

Still, on both datasets Disperse improves on the individ-
ual models and on their naive ensemble, albeit in different
ways. On BFC, a single configuration (𝜆 = .5, mean aggre-
gation, 𝛼 = 0) improves on all of them on every indicator:
recall (.440 vs .427 for the naive ensemble), Gini index (.898
vs .921) and coverage (.453 vs .376). On CB-L, Disperse
relieves congestion at unchanged recall (Gini index .502 vs
.544 for the naive ensemble) but does not raise recall over it
on the test set; moving further along the front trades recall
for lower congestion.

Regarding the Pareto fronts, a factor potentially explain-
ing their difference is the difference in the tightness of the
two job markets. A first research perspective is to con-
firm this conjecture by extracting a subset of the public
CB-L dataset with the same initial characteristics as those
of BFC. Incidentally, this remark also points to the poorly
documented differences between publicly available job rec-
ommendation datasets, and those encountered in Public
Employment Services.

Another short-term perspective is to reconsider the se-
quential Disperse processing, and investigate the impact of
different orderings of the job seekers. One natural criterion
in the employment setting is to prioritize job seekers along
some exogenous score (e.g. reflecting their employability),
i.e. to favor job seekers for whom a good match is most rare.
Ordering the job seekers along such a score in Disperse
would ensure that they can be recommended their best job
ads before these are saturated. Along the same lines, the
ordering can be used to spread the congestion more evenly
across job seekers, e.g., by serving first those facing the
highest competition according to the individual models.
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A. Supplementary Material

A.1. Sensitivity w.r.t 𝛼 in CB-L
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Figure 9: Disperse on CB-L: Sensitivity of Recall@10 w.r.t.
𝛼, for different aggregation modes and 𝜆 ∈
[.001, .005, .05, .25, .5] (from top-left to bottom-
right sub-images).
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Figure 10: Disperse on CB-L: Sensitivity of Gini index w.r.t.
𝛼, for different aggregation modes and 𝜆 ∈
[.001, .005, .05, .25, .5] (from top-left to bottom-
right sub-images).

A.2. Sensitivity w.r.t 𝛼 in BFC
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Figure 11: Disperse on BFC: Sensitivity of Recall@10 w.r.t.
𝛼, for different aggregation modes and 𝜆 ∈
[.001, .005, .05, .25, .5] (from top-left to bottom-
right sub-images).
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Figure 12: Disperse on BFC: Sensitivity of Gini index w.r.t.
𝛼, for different aggregation modes and 𝜆 ∈
[.001, .005, .05, .25, .5] (from top-left to bottom-
right sub-images).
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