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Abstract. Traditional machine learning algorithms are known to am-
plify bias in data or introduce new biases during the learning process,
often resulting in discriminatory outcomes that impact individuals from
marginalized or underrepresented groups. In information retrieval, one
application of machine learning is learning-to-rank frameworks, typi-
cally employed to reorder items based on their relevance to user in-
terests. This focus on effectiveness can lead to rankings that unevenly
distribute exposure among groups, affecting their visibility to the final
user. Consequently, ensuring fair treatment of protected groups has be-
come a pivotal challenge in information retrieval to prevent discrimi-
nation, alongside the need to maximize ranking effectiveness. This work
introduces LambdaFair, a novel in-processing method designed to jointly
optimize effectiveness and fairness ranking metrics. LambdaFair builds
upon the LambdaMART algorithm, harnessing its ability to train highly
effective models through additive ensembles of decision trees while in-
tegrating fairness awareness. We evaluate LambdaFair on three publicly
available datasets, comparing its performance with state-of-the-art learn-
ing algorithms in terms of both fairness and effectiveness. Our experi-
ments demonstrate that, on average, LambdaFair achieves 6.7% higher
effectiveness and only 0.4% lower fairness compared to state-of-the-art
fairness-oriented learning algorithms. This highlights LambdaFair’s abil-
ity to improve fairness without sacrificing the model’s effectiveness.

Keywords: Learning to Rank · Fairness · Effectiveness

1 Introduction

Nowadays, machine learning (ML) is widely used in information retrieval (IR),
mainly to learn effective ranking systems that provide users with relevant and
possibly personalized content. In particular, learning to rank (LTR) involves
applying ML techniques to build the ranking models used in IR systems. How-
ever, traditional ML algorithms, including those based on LTR, can introduce
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bias during the model’s learning phase or perpetuate bias in the training data,
leading to unequal treatment across individuals or groups.

This unwanted facet of ML has led researchers and practitioners to develop
solutions to tackle this issue. In IR, various pre/in/post-processing methods have
been designed to minimize this phenomenon and guarantee accurate and unbi-
ased results. Fairness in IR aims to provide equally relevant results to different
users, regardless of their group membership, ensuring a fair distribution of indi-
viduals from different groups and ranking similar individuals equitably [35,36].

In this work, we introduce LambdaFair, a novel LTR algorithm based on
LambdaMART [8], designed to train fairness-aware ranking models by jointly op-
timizing fairness and effectiveness metrics. LambdaFair extends LambdaMART’s
objective function to include fairness constraints; for this reason, LambdaFair
can be categorized as an in-processing method. We designed LambdaFair along
with three different strategies for training ranking models that optimize the ef-
fectiveness metric NDCG [15] and the fairness metric rND [31]. While NDCG
optimization aims to rank the most relevant document at the top of a ranking,
rND optimization seeks to maximize the statistical parity of items belonging to
different groups. By integrating rND-based fairness constraints into the NDCG
optimization process, LambdaFair balances ranking effectiveness and fairness,
thus addressing the dual objectives of accuracy and equity in ranking tasks.

The contribution of this work is threefold: i) we developed LambdaFair, an
in-processing method to train fairness-aware ranking models. Such models are
a fundamental component to enhance the development of IR systems that pro-
mote inclusivity and equity; ii) we empirically demonstrated on three publicly
available real-world datasets that LambdaFair improves ranking fairness while
maintaining competitive effectiveness compared to state-of-the-art methods; iii)
we highlighted the potential of tree-based and feature-engineered models, such
as LambdaMART, for fairness-aware LTR. Such algorithms are also well known
for their efficiency in the training and inference stages.

2 Related Work

Providing users with fair and accurate results is a critical challenge in IR. Fair-
ness in ranking systems can encompass different facets. For instance, it is essen-
tial to present users with similar interests with comparable content without sub-
jecting them to discrimination based on group membership biases. Furthermore,
items belonging to so-called protected groups should not be disproportionately
disadvantaged in visibility due to underlying biases in the ranking process.

Substantial efforts have been made in IR to minimize biases in training data
or those introduced by machine learning algorithms. The proposed solutions are
generally classified into three primary categories [35, 36]: pre-processing [11, 17,
37], in-processing [2,13,20,21,28,33], and post-processing [3,27,32,34] methods.

Pre-processing methods aim to mitigate bias in data before the model is
trained. These methods mainly address individual fairness and are agnostic to
group membership. Lahoti et al. [17], designed iFair, an approach to generalize
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the items’ feature vectors into a fairer representation, following the fairness defi-
nition that similar individuals should be treated similarly [11]. Zemel et al. [37],
proposed LFR, a strategy to learn a fair representation that balances two goals:
accurately representing the data to provide effective outcomes and hiding infor-
mation about protected group membership to optimize fairness.

In-processing methods incorporate notions of fairness directly into the learn-
ing process by adding fairness constraints or optimizing fairness metrics. The
DELTR [33] algorithm is an LTR framework designed to address group discrim-
ination in rankings. It treats unfairness as disparities in group items’ exposure
along the ranked list. DELTR learns a re-ranking model that adjusts the out-
put of existing rankers to preserve effectiveness while reducing inequality and
enhancing fairness. Similarly, Fair-PG-Rank [28] optimizes fairness by model-
ing exposure as expected attention. It operates under a merit-based constraint,
learning rankers that ensure items receive exposure proportional to their rele-
vance, thereby balancing fairness and effectiveness in ranking. Recent studies
identified stochastic Plackett-Luce (PL) ranking models [18, 22] as a robust in-
processing solution for optimizing effectiveness and fairness ranking metrics. In
contrast to deterministic algorithms, which rely on heuristic optimization meth-
ods, PL models are entirely differentiable and adaptable to ranking metric op-
timization via stochastic gradient descent. Yet, in real-world scenarios, gradient
estimation becomes impractical because it requires considering all possible item
permutations. To overcome this limitation, Oosterhuis [20], proposed PL-Rank
to efficiently estimate the gradient of PL models with respect to both effec-
tiveness and fairness metrics by exploiting specific properties inherent to rank-
ing metrics and PL models. Moreover, the PL-Rank-3 algorithm, introduced by
Oosterhuis [21], achieves unbiased gradient estimates while maintaining compu-
tational efficiency on par with the most advanced sorting algorithms. Following
these works, Gorantla et al. [13], introduced Group-Fair-PL to optimize group
fairness. This approach features a novel objective where expected ranking utility
is computed over only those rankings that adhere to specified group representa-
tion constraints. Group-Fair-PL is constructed to ensure equal or proportional
representation of protected items within the top-𝑘 ranks. Equal representation
requires an equal number of items across groups at the top-𝑘, whereas propor-
tional representation aligns item distribution with group proportions within the
dataset. In this work, we assess the performance of LambdaFair by comparing
it against the PL-Rank-3 and Group-Fair-PL baselines.

Post-processing methods aim to mitigate bias by re-ranking the model’s out-
put to ensure fairness. These methods do not alter the original ranking algorithm
but instead adjust the ranked results after they are generated, ensuring that fair-
ness criteria are met while maintaining the effectiveness of the original model.
FA*IR, introduced by Zehlike et al. [32], adjusts the model’s output to maintain
a minimum percentage of protected candidates at each position in the ranking.
Zehlike et al. [34], presented the Continuous Fairness Algorithm (CFAΘ), which
allows for a continuous adjustment between two contrasting fairness definitions:
individual and group fairness.
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3 Background

Learning-to-rank techniques are widely used in information retrieval to re-rank
documents. Given a query 𝑞 and a set of candidate documents 𝐷 = {𝑑1, . . . , 𝑑𝑛},
the goal of LTR algorithms is to train a ranker that produces a ranking 𝜋 over
the set of documents. To produce 𝜋, the learned ranker assigns a score 𝑠𝑖 to
each document 𝑑𝑖 ∈ 𝐷, then sorts the documents in descending score order.
Consequently, 𝜋 is a permutation of 𝐷, where 𝜋[𝑟] = 𝑖 indicates that document
𝑑𝑖 is ranked at position 𝑟 ∈ N+, 1 ≤ 𝑟 ≤ 𝑛. Moreover, let 𝜋[𝑟𝑙 , 𝑟𝑢], 𝑟𝑙 ≤ 𝑟𝑢, be
a discrete interval of the ranking 𝜋 containing the documents ranked between
position 𝑟𝑙 and 𝑟𝑢. A prefix of ranking 𝜋 is thus denoted by 𝜋[1, 𝑟𝑢]. Finally,
𝑑𝑖 ≺𝜋 𝑑 𝑗 denotes that 𝑑𝑖 precedes 𝑑 𝑗 in ranking 𝜋.

3.1 Evaluation Metrics

To fully understand the main contribution of this work, we need first to introduce
the effectiveness and fairness metrics employed in our study.

The effectiveness metric used is Normalized Discounted Cumulative Gain
(NDCG) [15], a well-known and widely used IR metric for assessing the quality
of a ranked list. Given a ranking 𝜋 of a (candidate) document set 𝐷, |𝐷 | = 𝑛,
produced in response to a query 𝑞, NDCG assesses the quality of 𝜋 by exploiting
the relevance judgment 𝑦𝑖 of each document 𝑑𝑖 ∈ 𝐷. NDCG is defined as follows:

NDCG =
DCG
IDCG =

1
IDCG

𝑛∑︁
𝑟=1

G𝑟

D𝑟

=
1

IDCG

𝑛∑︁
𝑟=1

2𝑦𝜋 [𝑟 ] − 1
log2 (𝑟 + 1) .

NDCG is normalized by IDCG, the ideal DCG of the ground-truth ranking
to bound it in [0, 1], where higher is better. Through a logarithmic-discount
approach, NDCG rewards rankings where the most relevant items appear in the
top positions in 𝜋. The reason for this is to align with user behavior, as users often
only examine the first results and pay little attention to the subsequent ones.
Finally, NDCG is usually computed at a fixed cutoff 𝑘, denoted by NDCG@𝑘.

The fairness metric used in this study is Normalized Discounted Difference
(rND) [31], which measures group fairness in terms of statistical parity [35].
Specifically, rND considers 𝜋 fair if the top-𝑟 ranked positions have a proportion
of protected documents equal to |G+ |/𝑛, for different values of 𝑟, where G+ ⊆ 𝐷

denotes the set of documents belonging to the protected group. In more detail,
the rND metric splits the ranked list of documents into overlapping prefixes of
length 𝑟 ∈ {𝑏, 2𝑏, 3𝑏, . . . }, where 𝑏, 𝑏 > 1, is named bin size. The difference from
the ideal proportion of protected documents is computed for each length prefix 𝑟

and averaged with a discounting mechanism similar to that of NDCG. The rND
metric measures whether each prefix is representative of the entire ranking [24].
More formally, rND is defined as follows:

rND =
rD

rDmax =
1

rDmax

𝑛∑︁
𝑟=𝑏,2𝑏,...

1
log2 (𝑟)

����� |G+
𝜋 [1,𝑟 ] |
𝑟

− |G+ |
𝑛

����� ,
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where G+
𝜋 [1,𝑟 ] is the set of protected documents in the top-𝑟 positions. The lower

the rND value, the higher the fairness. The rND metric is normalized in the
range [0, 1] by dividing rD by rDmax. Given the groups of protected G+ and
unprotected G− individuals, rDmax is rD computed when all items from the
group with the smaller cardinality are ranked in the top positions. Finally, like
NDCG, rND can be computed up to a fixed cutoff 𝑘, denoted by rND@𝑘.

Note that two factors promote fairness in the top positions of the ranking.
First, the discounting, and second, the use of overlapping prefixes: for example,
the top-𝑏 positions contribute to the fairness of all the ⌈𝑛/𝑏⌉ prefixes considered.

Finally, we assess the reasons why we chose rND as the fairness metric in our
LambdaMART-based algorithm. i) Like NDCG, rND is defined within the [0, 1]
interval, facilitating a straightforward trade-off between fairness and effective-
ness during optimization. ii) It is designed to evaluate fairness in deterministic
rankings, making it an ideal choice for evaluation LambdaMART-based algo-
rithms, where we focus on mitigating bias without dynamic changes to the out-
put rankings. iii) The formal definition of rND allows us to efficiently compute
LambdaMART’s gradient. This efficiency directly contributes to the scalability
and practical applicability of our approach. iv) Like NDCG, rND adopts a log-
arithmic discount to reward rankings that promote statistical parity at the top
positions, where visibility and exposure to users are critical.

Note that, the LambdaFair framework supports various fairness metrics, but
their applicability must be assessed carefully. Recent works on bias in document
ranking used AWRF [26], NFaiRR [25], and TExFAIR [1]. These metrics rely
on term-based group membership, where a document’s group is determined by
a continuous vector based on its text. This contrasts with our setting, where we
use hard-label membership, with each document belonging to exactly one group.

3.2 LambdaMART

LambdaMART [8] is a learning algorithm widely used in IR to efficiently learn
effective ranking models by optimizing a given ranking metric. LambdaMART
overcomes the problem of non-differentiability and flatness of ranking metrics
[5, 6, 10, 19] by exploiting a smooth approximation of the gradient. Formally,
given a query 𝑞, the candidate documents 𝐷 = {𝑑1, . . . , 𝑑𝑛}, and their relevance
labels 𝑌 = {𝑦1, . . . , 𝑦𝑛}, a ground-truth pairwise preference set 𝑃 is created.
Specifically, (𝑖, 𝑗) ∈ 𝑃 iff document 𝑑𝑖 is to be ranked higher than 𝑑 𝑗 for the
query 𝑞 in the training set, i.e., 𝑦𝑖 > 𝑦 𝑗 . For each query-document pair (𝑞, 𝑑𝑖),
LambdaMART learns how to score 𝑑𝑖 by computing its gradient 𝜆(𝑃)Z

𝑖
as follows:

𝜆(𝑃)Z
𝑖 =

∑︁
𝑗:(𝑖, 𝑗 ) ∈𝑃

𝜆Z
𝑖 𝑗 −

∑︁
𝑘:(𝑘,𝑖) ∈𝑃

𝜆Z
𝑘𝑖 , (1)

where Z is the ranking metric being optimized, e.g, NDCG@𝑘. Each partial
contribution 𝜆Z

𝑖 𝑗
in Equation 1 is defined as:

𝜆Z
𝑖 𝑗 =

𝜕𝐶 (𝑠𝑖 − 𝑠 𝑗 )
𝜕𝑠𝑖

=
−𝜎

1 + 𝑒𝜎 (𝑠𝑖−𝑠 𝑗 )

��ΔZ𝑖 𝑗

�� ,
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where 𝐶 is the RankNet [7] pairwise cost function, 𝑠𝑖 and 𝑠 𝑗 are the model-
predicted scores for 𝑑𝑖 and 𝑑 𝑗 , and ΔZ𝑖 𝑗 = Z𝜋 𝑗𝑖

−Z𝜋𝑖 𝑗 is the change in the metric
after swapping the ranks of 𝑑𝑖 and 𝑑 𝑗 in current predicted ranking 𝜋𝑖 𝑗 . The pa-
rameter 𝜎 determines the shape of the sigmoid. The 𝜆(𝑃)Z

𝑖
gradient can be used

in iterative optimization learning algorithms such as artificial neural networks
(e.g., LambdaRank [6]) or gradient-boosted decision trees (e.g., LambdaMART).

4 LambdaFair

In this work, we propose LambdaFair, a LambdaMART-based in-processing
method to jointly optimize two ranking metrics: NDCG and rND. On the basis
of LambdaMART’s gradient definition, the joint optimization of the two metrics
can be achieved by convex combination as follows:

𝜆𝑖 = 𝛼𝜆(𝐸)NDCG
𝑖 + (1 − 𝛼)𝜆(𝐹)rND

𝑖 ,

where 𝐸 and 𝐹 are the sets of pairwise preferences related to NDCG (effective-
ness) and rND (fairness) metrics, respectively. The hyper-parameter 𝛼 weights
the relative importance of the two. Note that 𝐸 is built based on the ground-
truth relevance labels and thus is the same as the set 𝑃 used in Equation 1.

Despite a simple definition, this joint optimization hides some subtle chal-
lenges that must be carefully handled to jointly optimize the two ranking metrics.
Regarding NDCG, the set 𝐸 is naturally generated by the ground-truth relevance
labels paired with each document in the query. The labels define a partial order
over the set 𝐷 for each query 𝑞, and thus it is sufficient to put in 𝐸 all possible
ordered pairs (𝑖, 𝑗) that ensure 𝑦𝑖 > 𝑦 𝑗 to achieve the maximum NDCG.

Conversely, since to minimize rND, each ranking prefix has to contain a
protected item proportion of |G+ |/𝑛, there is no predefined partial order of doc-
uments in 𝐷 to derive 𝐹.

document 𝑑1 𝑑2 𝑑3 𝑑4 𝑑5 𝑑6
rank 1 2 3 4 5 6
relevance 0 0 0 0 1 0
group - - - - + +

Fig. 1. Toy example to discuss joint metric optimization. Six documents 𝑑1, . . . , 𝑑6,
with different relevance and group membership, with G+ = {𝑑5, 𝑑6}. Note that 𝑑5 is
relevant and also belongs to the protected group.

Furthermore, considering sets 𝐸 and 𝐹 in isolation can provide sub-optimal
optimization for both metrics. Let’s consider the example in Figure 1. In terms of
NDCG metric, document 𝑑5 must be ranked first, and clearly 𝐸 = {(5, 𝑖) | 𝑖 ≠ 5}.
From a fairness perspective, given an rND bin size 𝑏 = 3, the ideal ranking must
have one of the two protected documents in the first bin (top-3) and the other in
the second bin (bottom-3). To achieve this, we may define (at least) two sets of
preference pairs: 𝐹′ = {(5, 𝑖) | 𝑖 ≠ 5∧𝑖 ≠ 6} and 𝐹′′ = {(6, 𝑖) | 𝑖 ≠ 6∧𝑖 ≠ 5}. The set
𝐹′ would push 𝑑5 in the first bin and leave 𝑑6 in the second one, while 𝐹′′ has the
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symmetric behavior. When looking at fairness, the two are equivalent. Indeed,
𝐹′ perfectly agrees with 𝐸 , as both push 𝑑5 higher in the ranking, leading to the
ranking [5, 1, 2, 3, 4, 6] optimal for both NDCG and rND. Instead, combining 𝐸

and 𝐹′′ produces the ranking [5, 6, 1, 2, 3, 4], which is sub-optimal for rND since
both protected documents 𝑑5 and 𝑑6 are ranked in the first bin.

From the above example, we can conclude that the definition of pairwise
preferences plays a crucial role and that preferences for one metric cannot be
defined independently of the other metric.

4.1 Strategies

This section provides three different heuristic strategies for computing the set 𝐹

for the fair-ranking metric rND based on the fixed set 𝐸 used to optimize NDCG.
For all strategies discussed in the following, a new set 𝐹 is computed every time
the learning algorithm requires the estimation of the lambdas, so it is not pre-
computed as for the NDCG set 𝐸 . We made LambdaFair’s implementation, along
with its three strategies, publicly available.1

Before discussing how to derive 𝐹 for LambdaFair, let’s recall that comput-
ing the gradients of LambdaMART-based algorithms requires estimating how
swapping documents within the ranking 𝜋 affects the optimized metrics at each
learning iteration. We denote by ΔrND𝑖 𝑗 the change in terms of rND after swap-
ping the rank positions of 𝑑𝑖 and 𝑑 𝑗 in 𝜋𝑖 𝑗 (i.e., a ranking where 𝑑𝑖 ≺𝜋 𝑑 𝑗),
namely ΔrND𝑖 𝑗 = rND𝜋 𝑗𝑖

− rND𝜋𝑖 𝑗 . Note that for items belonging to the same
group or ranked in the same ranking bin, their inter-bin or intra-bin swaps, re-
spectively, do not change the rND metric. Consequently, ΔrND𝑖 𝑗 = 0 that implies
𝜆rND
𝑖 𝑗

= 0, and for the sake of efficiency, we skip them in estimating 𝜆(𝐹)rND
𝑖

.
ΔrND: Variation on swap. Given a ranking 𝜋 for a query 𝑞, produced by the
model at the current iteration, and let 𝑑𝑖 and 𝑑 𝑗 be two documents in 𝐷 such
that 𝑑𝑖 is ranked higher than 𝑑 𝑗 in 𝜋, i.e., 𝑑𝑖 ≺𝜋 𝑑 𝑗 . If ranking 𝑑𝑖 higher than
𝑑 𝑗 provides better fairness, then after the swap, the rND metric gets worse, and
its value increases, resulting in ΔrND𝑖 𝑗 > 0. Conversely, ΔrND𝑖 𝑗 < 0 when 𝑑 𝑗

should be ranked higher than 𝑑𝑖, and thus the swap entails better fairness.
Finally, given any two documents 𝑑𝑖 and 𝑑 𝑗 in 𝐷, where 𝑑𝑖 ≺𝜋 𝑑 𝑗 , and their

ids 𝑖 and 𝑗 , we define 𝐹 as follows:

𝐹 = {(𝑖, 𝑗) | ΔrND𝑖 𝑗 > 0} ∪ {( 𝑗 , 𝑖) | ΔrND𝑖 𝑗 < 0} .

The ordered pair (𝑖, 𝑗) is included in 𝐹 if the relative ranking 𝑑𝑖 ≺𝜋 𝑑 𝑗 must be
maintained to avoid reducing rND. Conversely, ( 𝑗 , 𝑖) is included in 𝐹 if swapping
𝑑𝑖 and 𝑑 𝑗 in 𝜋 improves rND. It is worth noting that 𝐹 is created independently
of 𝐸 . Consequently, no optimal agreements between 𝐸 and 𝐹 are guaranteed.
rND+: Fairness driven. Let 𝜋rND+ be a total ordering of 𝐷 that maximizes
NDCG while ensuring minimum rND. Then, we then define 𝐹 as follows:

𝐹 = {(𝑖, 𝑗) | 𝑖𝑛𝑑𝑏 (𝑑𝑖 |𝜋rND+) < 𝑖𝑛𝑑𝑏 (𝑑 𝑗 |𝜋rND+)} ,

1 https://github.com/FedericoMarcuzzi/LambdaFair-for-Fair-and-Effective-Ranking

https://github.com/FedericoMarcuzzi/LambdaFair-for-Fair-and-Effective-Ranking
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where 𝑖𝑛𝑑𝑏 is a function that returns the ranking-bin index that contains a
given document. More formally, given any ranking 𝜋, ℎ = 𝑖𝑛𝑑𝑏 (𝑑𝑖 |𝜋), with 1 ≤
ℎ ≤ ⌈𝑛/𝑏⌉, is the index of the bin that includes document 𝑑𝑖, i.e., the index ℎ

such that 𝑑𝑖 ∈ 𝜋[(ℎ−1)𝑏 +1, ℎ𝑏]. Hence, this definition of 𝐹 reflects the bin-wise
order of the ideal ranking 𝜋rND+, which prioritizes fairness over effectiveness.

The ranking 𝜋rND+ is built in two stages. The first stage, which is precom-
puted before training to enhance the algorithm’s efficiency, generates a static
ranking 𝜋rND+ as follows. We first sort documents in 𝐷 by decreasing relevance,
thus maximizing NDCG. Then, we perform the minimal number of rank pro-
motions or demotions of protected documents, without changing their relative
order, to put in each ranking bin a number of protected documents that best
approximates |G+ |/𝑛. This latter step guarantees the minimum rND without
completely undoing the partial order induced by the relevance labels.

The second stage takes place at each training iteration by slightly changing
the total ordering 𝜋rND+. Note that 𝜋rND+ is one of the possible optimal total
ordering due to ties. Indeed, two documents of equal relevance belonging to
the same group allow us to swap their positions in 𝜋rND+ without negatively
impacting NDCG or rND. Consequently, we update the total ordering 𝜋rND+
at each training iteration to align with the ranking 𝜋 of 𝐷 based on the scores
produced by the learned model. More specifically, given a set of ties, i.e., a subset
of documents in 𝐷 with the same relevance and group, we reorder 𝜋rND+ into
𝜋rND+ according to 𝜋. The rationale for this approach is not to break what has
been learned from the model so far by introducing unnecessary order constraints.
NDCG+: Effectiveness driven. This third strategy is similar to rND+, but
prioritizing on NDCG. Let 𝜋NDCG+ be a total ordering of documents that mini-
mizes rND under the constraint of guaranteeing the maximum NDCG. The set 𝐹
is thus defined as follows, where 𝐹 reflects the bin-wise order of the ideal ranking
𝜋NDCG+ that prioritizes effectiveness over fairness:

𝐹 = {(𝑖, 𝑗) | 𝑖𝑛𝑑𝑏 (𝑑𝑖 |𝜋NDCG+) < 𝑖𝑛𝑑𝑏 (𝑑 𝑗 |𝜋NDCG+)} .

Similarly to 𝜋rND+, the ranking 𝜋NDCG+ is derived in two stages. First, doc-
uments in 𝐷 are ordered in decreasing order of relevance to maximize NDCG.
Then, a minimal inter-bin swap of equally relevant documents belonging to dif-
ferent groups is performed to distribute protected and unprotected items in each
ranking bin to approximate |G+ |/𝑛. Since those documents have the same rel-
evance, they are ties whose swaps do not change NDCG but aim to minimize
rND since the swapped documents belong to different groups. The second stage
is the same as the one used to generate 𝜋rND+.

5 Experimental Evaluation

5.1 Datasets

We evaluate LambdaFair on three publicly available datasets: MSLR-30K [23],
Statlog (German Credit Data) [14], and Home Mortgage Disclosure Act [9].
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Table 1. Datasets properties: query number (#queries), average |𝐷 | (query len.), num-
ber of unique relevance labels (#labels), attribute that identifies the protected group
G+ (pt. attribute), percentage of documents belonging to G+ (%pt. group), and per-
centage of documents labeled as relevant (𝑦𝑖 > 0) belonging to G+ (%pt. relevant).

Dataset #queries query len. #labels pt. attribute %pt. group %pt. relevant

MSLR-30K 31,531 119.60 5 QS2 42.56 59.97
Statlog (Sex) 100,000 50 2 Sex 61.42 28.73
Statlog (Age) 100,000 50 2 Age 34.85 50.84
HMDA-CT 100,000 50 2 Sex 33.18 31.35

The MSLR-30K dataset consists of feature vectors extracted from query-url
pairs along with human-assessed 5-level relevance labels. The dataset does not
come with specified groups; for this reason, we followed previous works [4, 16,
29,30], and used the QualityScore2 (QS2: feature’s id 133) as the discriminatory
feature. Following the work of Vardasbi et al. [29], we used 10 as the threshold
to divide the documents into protected (< 10) and unprotected (≥ 10) groups.

The Statlog dataset is widely used in fairness-aware LTR [4, 16, 28, 30]. It
contains 1,000 individuals characterized with binary-relevance labels for classi-
fying an individual’s creditworthiness. For each query, we randomly sample 50
individuals with a 4:1 ratio of non-creditworthy to creditworthy individuals for
a total of 100,000 queries. Building on previous work, we derived from Statlog
dataset two distinct datasets: Statlog (Sex), which divides individuals into pro-
tected (female) and unprotected (male) groups based on their gender [16,28,30],
and Statlog (Age), which uses 35 as the age threshold to categorize individuals
into protected (< 35) and unprotected (≥ 35) groups [4].

The Home Mortgage Disclosure Act dataset includes annual data on home
mortgage loans across all 50 states in the US, with records available since 2007.
Following Gorantla et al. [13], we created HMDA-CT where we focused our
analysis on the state of Connecticut, using data from 2013, 2014, and 2015 as
the training set, 2016 for validation, and 2017 for testing. Similar to the Statlog
datasets, we randomly sample 50 individuals with a 4:1 ratio of not-approved to
approved loans for a total of 100,000 queries. Then, we used the sex feature to
divide individuals into protected (female) and unprotected (male) groups.

The four datasets, MSLR-30K, Statlog (Age), Statlog (Sex), and HMDA-CT
are partitioned into the train, validation, and test sets following a 60%-20%-20%
scheme. Further details can be found in Table 1.

5.2 Learning Algorithms

In this section, we report the experimental results obtained by our LambdaFair
and several baseline techniques. While LambdaFair is a LambdaMART-based in-
processing method to jointly optimize effectiveness (NDCG) and fairness metrics
(rND), we used a plain LambdaMART2 as the reference baseline aimed to only

2 https://github.com/microsoft/LightGBM
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maximize NDCG. Among the in-processing methods introduced in Section 2 to
optimize fairness, we used PL-Rank-33 and Group-Fair-PL4 as fair baselines.
In particular, we chose Group-Fair-PL as the reference baseline for maximum
fairness since, as LambdaFair, it optimizes group fairness. Furthermore, we op-
timized Group-Fair-PL under the proportional representation constraint of pro-
tected items in the top-𝑘 as aligns with LambdaFair optimizing the rND metric.

All algorithms were trained to optimize their respective metrics with cutoff
𝑘 equal to 15 and 50. For LambdaFair, we kept a common cutoff while jointly
optimizing NDCG and rND, and we fixed the rND bin size 𝑏 to 5 for both cutoff
values. Additionally, we fine-tuned the hyperparameter 𝛼 between 0.1 and 0.9
with a step of 0.1 to minimize rND.

For Group-Fair-PL, we optimize it to ensure a proportional representation of
protected items, as this optimization better aligns with our fairness metric rND.
All algorithms were trained until early stopping (no changes in the validation
set within 100 iterations or 10 epochs). For the best 𝛼, we performed model
selection based on NDCG@𝑘 on the validation set.

Note that during the learning and prediction phases, we assume the unavail-
ability of the protected features or any information about the group membership.
In this regard, we removed the corresponding features from each dataset; how-
ever, we used the group-membership labels to evaluate the models’ fairness.

5.3 Results

Table 2 reports the results in terms of effectiveness and fairness obtained by each
LTR algorithm. In particular, we report results for NDCG and rND evaluated
at cutoff 𝑘 (15 and 50) on the test set of each dataset.

As expected, among the LambdaFair variants, NDCG+ is the one provid-
ing higher effectiveness and lower fairness since it prioritizes NDCG over rND.
Interestingly, for both Statlog datasets (and similarly for HMDA-CT), a clear
pattern appears. rND+ is the fairest and the least effective, NDCG+ is the most
effective and the least fair, and ΔrND is placed in the middle, with a trade-off
between effectiveness and fairness. Again, this is expected since ΔrND does not
prioritize a metric over the order.

However, for the MSLR-30K dataset, ΔrND becomes on average the fairest
variant. We attribute this to the larger range of relevance labels of MSLR-30K.
Indeed, MSLR-30K contains relevant labels ranging from 0 to 4, while the other
three datasets have binary relevance labels. A larger range of labels makes it
challenging to create a ranking 𝜋rND+ that agrees with both rND and NDCG.
Consequently, the set 𝐸 that optimizes NDCG can strongly disagree with 𝐹 used
to optimize rND, leading to a sub-optimal optimization for both metrics.

Overall, the LambdaFair variants always achieve statistically higher fairness
than LambdaMART with a slight decrease in effectiveness. This demonstrated

3 https://github.com/HarrieO/2022-SIGIR-plackett-luce
4 https://github.com/sruthigorantla/Group-Fair-PL
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Table 2. Performance in terms of NDCG and rND (percentage). Statistically signifi-
cant differences compared to LambdaMART are marked with ∗ (Fisher’s randomization
test [12] with a two-sided 𝑝−value = 0.01). Differences in performances compared to
Group-Fair-PL are marked with better or worst . In bold the best rND values.

Model NDCG@15 ↑ rND@15 ↓ NDCG@50 ↑ rND@50 ↓

MSLR-30K (QualityScore2)
LambdaMART +6.27 55.02 +2.35 26.48 +8.26 63.19 +2.80 22.52
LambdaFair NDCG+ +6.11 54.86 +1.14 25.27 ∗ +8.02 62.95 ∗ +1.25 20.97 ∗

LambdaFair ΔrND +5.66 54.41 ∗ -0.86 23.27 ∗ +7.70 62.63 ∗ -0.39 19.33 ∗

LambdaFair rND+ +5.64 54.39 ∗ +0.42 24.55 ∗ +7.78 62.71 ∗ +0.63 20.35 ∗

PL-Rank-3 -1.30 47.45 ∗ +0.14 24.27 ∗ -0.75 54.18 ∗ +1.21 20.93 ∗

Group-Fair-PL 48.75 ∗ 24.13 ∗ 54.93 ∗ 19.72 ∗

HMDA-CT (Sex)
LambdaMART +7.72 96.09 +0.21 19.17 +3.03 98.78 +0.46 18.89
LambdaFair NDCG+ +7.13 95.50 ∗ 18.96 ∗ +2.64 98.39 ∗ +0.23 18.66 ∗

LambdaFair ΔrND +7.12 95.49 ∗ +0.11 19.07 +2.42 98.17 ∗ +0.45 18.88
LambdaFair rND+ +7.12 95.49 ∗ -0.07 18.89 ∗ +2.59 98.34 ∗ +0.16 18.59 ∗

PL-Rank-3 +0.07 88.44 ∗ +0.14 19.10 -0.87 94.88 ∗ +0.42 18.85 ∗

Group-Fair-PL 88.37 ∗ 18.96 ∗ 95.75 ∗ 18.43 ∗

Statlog (Age)
LambdaMART +9.16 100.00 +8.70 29.21 +7.66 100.00 +6.72 24.26
LambdaFair NDCG+ +9.16 100.00 +1.45 21.96 ∗ +7.66 100.00 +2.08 19.62 ∗

LambdaFair ΔrND +8.95 99.79 ∗ +0.45 20.96 ∗ +7.54 99.88 ∗ +1.69 19.23 ∗

LambdaFair rND+ +8.58 99.42 ∗ -0.15 20.36 ∗ +6.73 99.07 ∗ +1.02 18.56 ∗

PL-Rank-3 -1.63 89.21 ∗ +0.45 20.96 ∗ -0.47 91.87 ∗ +0.27 17.81 ∗

Group-Fair-PL 90.84 ∗ 20.51 ∗ 92.34 ∗ 17.54 ∗

Statlog (Sex)
LambdaMART +7.47 100.00 +1.44 20.51 +6.86 100.00 +1.10 19.34
LambdaFair NDCG+ +7.47 100.00 +0.33 19.40 ∗ +6.86 100.00 +0.12 18.36 ∗

LambdaFair ΔrND +7.46 99.99 ∗ +0.28 19.35 ∗ +6.86 100.00 +0.14 18.38 ∗

LambdaFair rND+ +7.26 99.79 ∗ -0.08 18.99 ∗ +6.39 99.53 ∗ -0.21 18.03 ∗

PL-Rank-3 -1.51 91.02 ∗ -0.16 18.91 ∗ -1.41 91.73 ∗ -0.39 17.85 ∗

Group-Fair-PL 92.53 ∗ 19.07 ∗ 93.14 ∗ 18.24 ∗

that the joint optimization of NDCG and rND provided by each variant allows
LambdaFair to train both fair and effective rankers.

Regarding fairness baselines, in some cases (mostly on Statlog datasets), the
Plackett-Luce-based models produce fairer rankings than LambdaFair. However,
while the difference in fairness is barely noticeable in most cases, their substan-
tial drop in effectiveness makes them non-preferable solutions when both effec-
tiveness and fairness are required. For example, for the Statlog (Age) dataset
and fairness evaluated by rND@50, the best algorithm in terms of fairness is
Group-Fair-PL (rND = 17.54), but with a very strong drop in effectiveness, i.e.,
about 9 points less than LambdaMART. For this dataset, the best LambdaFair’s
variant is rND+, which achieves a slightly worser fairness (rND = 18.56, i.e.,
about 1 point more than Group-Fair-PL), but with a very good effectiveness
(NDCG = 99.53, i.e., about 0.5 points less than LambdaMART). Therefore,
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Fig. 2. Average proportion of protected items ranked in the top-10. LambdaFair refers
to the rND+ variant. Results for models trained and evaluated with cutoff 𝑘 = 15.
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trained and evaluated with cutoff 𝑘 = 15.

LambdaFair rND+, although not the best in terms of fairness, is the preferable
solution if one does not want to lose much in effectiveness. Figure 2 shows the
average proportion of protected items in each of the top-10 rank positions. The
solid line represents the proportion of the protected group in the test set, while
the dashed lines indicate upper and lower bounds at ±2.5% from the average pro-
portion. For the sake of visualization, we report the results only for the rND+
variant and for models trained with cutoff 𝑘 = 15. In most cases, LambdaFair
is the algorithm that better proportionally distributes items within the top-10,
consistently remaining within the upper and lower bounds. This result is con-
sistent with the findings presented in Table 2 and illustrates that LambdaFair
outperforms the baselines in terms of statistical parity, confirming its higher
fairness. Interestingly, in some cases, PL-based models appear to offer a more
proportional distribution of protected items than LambdaFair in the top-1. Fi-
nally, as expected, LambdaMART underexposes items from the protected group
in the top positions, as it is trained without any fairness constraints.

Figure 3 plots the effectiveness and fairness trade-off, with fairness expressed
as (1 − rND)% (higher is better). Except for MSLR-30K, where ΔrND is best,
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Table 3. Training times per learning algorithm (minutes).

Model MSLR-30K Statlog (Age/Sex) HMDA-CT

LambdaMART 12 5 5
LambdaFair 18 8 8
PL-Rank-3 228 202 201
Group-Fair-PL 1272 1142 1147

rND+ is the overall best variant, providing higher fairness with slightly lower
effectiveness than LambdaMART and the other LambdaFair’s variants.

Finally, Table 3 showcases the results of the efficiency analysis, providing
the time required by each algorithm to complete the training process with early
stopping criteria. LambdaMART-based algorithms were trained on two Intel(R)
Xeon(R) Silver 4110 CPUs using 28 threads. For Plackett-Luce-based algorithms,
we used a 12 GB Nvidia Titan Xp with the GP102 architecture and 3840 CUDA
cores. The results clearly show that the training cost of Plackett-Luce-based mod-
els, despite the use of a GPU, is significantly higher than that of LambdaMART-
based models. In fact, training PL-Rank-3 and Group-Fair-PL took one and two
orders of magnitude longer, respectively, than training LambdaFair. This ul-
timately highlights that LambdaFair is not only capable of training fair and
effective rankers, but it also excels in doing so with remarkable efficiency. This
combination of fairness, effectiveness, and efficiency positions LambdaFair as a
highly competitive solution in the realm of ranking algorithms.

6 Conclusion

In this work, we presented LambdaFair, a LambdaMART-based in-processing
method to jointly optimize fairness and effectiveness ranking metrics. The main
goal of LambdaFair is to provide unbiased rankings without compromising ef-
fectiveness. In this work, we designed three variants of LambdaFair tailored to
optimize different levels of fairness and effectiveness. Empirical evaluation on
publicly available datasets demonstrated that LambdaFair produces fairer rank-
ings than LambdaMART, with only a minor decrease in effectiveness. Further-
more, LambdaFair exhibits similar fairness capability to state-of-the-art fairness
baselines while achieving significantly higher effectiveness. Finally, we demon-
strated that LambdaFair not only achieves fairer rankings but also accelerates
the training process, achieving up to two orders of magnitude faster training time
compared to the fairness baseline. This improvement underscores LambdaFair’s
efficiency, making it a highly practical solution for large-scale applications where
fairness, effectiveness, and efficiency are critical.
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