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Abstract
This paper introduces MO-LightGBM, an open-source library built
upon LightGBM, specifically designed to offer an integrated, versa-
tile, and easily adaptable framework for Multi-objective Learning
to Rank (MOLTR). MO-LightGBM supports diverse Multi-objective
optimization (MOO) settings and incorporates 12 state-of-the-art
optimization strategies. Its modular architecture enhances usabil-
ity and flexibility, allowing researchers and practitioners to easily
develop new MOO methodologies, perform rigorous comparisons
with existing techniques, and effectively deploy MOO algorithms
in practical ranking applications. We illustrate the utility of MO-
LightGBM through a Bi-objective Learning to Rank example and
present visualizations of the results. MO-LightGBM is available at
https://github.com/amazon-science/MO-LightGBM.
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1 Introduction
Multi-objective Learning to Rank (MOLTR) has gained increasing
attention in industry as it acknowledges the multifaceted nature of
relevance in ranking tasks [4, 10, 14, 15, 18, 22, 26]. Traditional LTR
methods typically focus on a single relevance criterion, limiting
their ability to capture the complex trade-offs inherent in real-world
applications. By incorporating multiple relevance criteria, MOLTR
offers a more comprehensive and accurate representation of user
preferences, leading to improved ranking quality across diverse
objectives.

In the field of MOLTR, numerous methods have been developed
to address the complexity of Multi-objective data. Early approaches
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primarily focused on differentiating between relevant and irrele-
vant labels, as seen in works such as [5, 6], and analyzing pairwise
label interactions [8]. Further advancements integrated tree-based
methods with MOO algorithms [3, 14, 20], enhancing their ability
to model trade-offs effectively. Specifically, gradient boosted de-
cision trees (GBDT) [7] demonstrated their strength in capturing
complex non-linear relationships while maintaining efficiency, ac-
curacy, and interpretability. When combined with MOO techniques,
these methods provided researchers with powerful tools to navigate
competing objectives in ranking tasks. This integration marked a
significant step forward in developing more sophisticated solutions
for MOLTR challenges.

Related work As Multi-objective machine learning problems
become increasingly prevalent, tree-based methods have been de-
veloped to handle multiple outputs. [1, 21] extended impurity mea-
sures for binary classification and ranking to a Multi-objective
setting for node splitting, but their approaches rely on random
forests rather than boosting. In contrast, [27] introduced GBDT-
MO, a general GBDT approach for multi-objective learning, where
each leaf predicts all or a subset of variables. However, this method
aggregates objective gains across outputs using linear scalariza-
tion [17] with equal weights for different objectives, limiting its
ability to capture the full Pareto-optimal front. To date, no open-
source MOLTR frameworks leverage GBDT with general MOO
algorithms. To bridge this gap, we propose a new framework that
integrates MOO algorithms within GBDT-based ranking models.
LightGBM [11] has emerged as a leading GBDT variant due to its
efficient histogram-based training, making it an ideal foundation for
MOLTR. Consequently, we develop the MO-LightGBM framework
to support multi-objective LTR in a scalable and extensible manner.

This paper presents two main contributions to the field:

• First open-source MOLTR framework based on GBDT:
Unlike existing ranking methods that optimize a single objec-
tive, MO-LightGBM integrates state-of-the-art MOO strate-
gies, enabling a flexible and efficient approach to handling
competing ranking criteria. The framework facilitates fair
comparisons among MOO methods and provides a modular
design that simplifies the development and application of
new multi-objective LTR algorithms.
• Demonstration ofMOO inLearning toRank:MO-LightGBM
is empirically validated through a Bi-objective LTR task,
showcasing the effectiveness of different preference- and
constraint-based MOO methods. Using the Istella LETOR
dataset, the paper demonstrates how MO-LightGBM sup-
ports various trade-off specifications, visualizes Pareto-optimal
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Figure 1: Architecture of MO-LightGBM builds upon LightGBMwith keymodifications to support multi-objective LTR. Modules
modified from LightGBM are highlighted in purple, while newly added modules are shown in green.

solutions. These results establish MO-LightGBM as a practi-
cal and extensible tool for real-world multi-objective ranking
applications in information retrieval.

2 Overview and Design of MO-LightGBM
2.1 Multi-objective Learning to Rank
In MOLTR, we consider a setting where multiple labels are provided
for each query-item pair. The input for (𝑞, 𝑑𝑖 ) is represented by a
feature vector x𝑞

𝑖
∈ R𝑝 for 𝑖 ∈ 𝐼𝑞 , where 𝐼𝑞 denotes the index set of

the match set for the query. The labels associated with (𝑞, 𝑑𝑖 ) are
𝑦
𝑞

𝑖𝑘
for 𝑘 ∈ [𝐾], where 𝐾 is the number of labels.
MOLTR aims to learn a scoring function that assigns a score 𝑠𝑞

𝑖

to each (𝑞, 𝑑𝑖 ) pair based on its input x𝑞
𝑖
. Denote s𝑞 as the vector

whose 𝑖-th element is 𝑠𝑞
𝑖
and y𝑞

𝑘
as the vector whose 𝑖-th element

is 𝑦𝑞
𝑖𝑘
. In LightGBM, the scoring function is modeled using a GBM

[7], where decision trees are built sequentially. The training cost of
GBM is defined as a function of the scores:

𝑐𝑘 (s) =
1
|Q|

∑︁
𝑞∈Q

ℓ (s𝑞, y𝑞
𝑘
), ∀𝑘 ∈ [𝐾] .

Thus, the training cost in MOLTR is a vector-valued function:
c(s) = [𝑐1 (s), · · · , 𝑐𝐾 (s)]𝑇 , naturally making it an MOO problem.

2.2 Supported MOO Algorithms
The cost function in MOLTR gives rise to 𝐾 score-gradients, ∇s𝑐𝑘
for 𝑘 ∈ [𝐾]. However, for training the GBM-based scoring function,
each decision tree requires exactly one score-gradient as labels, not
𝐾 score-gradients. We combine the 𝐾 score-gradients as

𝝀 =

𝐾∑︁
𝑘=1

𝛼𝑘∇s𝑐𝑘 , s.t.
𝐾∑︁
𝑘=1

𝛼𝑘 = 1, 𝜶 ∈ R𝐾+ , (1)

where 𝝀 serves as the labels for training the trees in GBM and 𝜶
are combination coefficients.

In practice, we observe that MOO methods may exhibit oscilla-
tory behavior in their cost functions during training. To address this
issue and achieve a smoother trajectory, we apply a moving average

(a) LS (b) WC & EPO

(c) WCMGDA (d) EC

Figure 2: Illustration of trade-off specifications.

filter to 𝜶 between consecutive iterations: 𝜶 𝑡 ← 𝜈𝜶 𝑡 +(1−𝜈)𝜶 𝑡−1,
where 𝜈 ∈ (0, 1) is a smoothing factor.

Currently, MO-LightGBM supports 12 MOO strategies, as listed
in Table 1. We also visualize different preference and constraints-
based methods in Figure 2.

2.3 The Modular Design of MO-LightGBM
Figure 1 illustrates the overall framework of MO-LightGBM, which
is designed with modularity to enable users to flexibly add custom
designs. Modules modified from LightGBM are highlighted in pur-
ple, while newly added modules are shown in green. Additionally,
the communication of scores (s) and gradients (𝝀) between different
modules is emphasized to illustrate the information flow.
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Table 1: List of integratedMOO algorithms inMO-LightGBM.

MOO Type Smoothing Reference

linear_scalarization Preference N [17]
stochastic_label_aggregation Preference N [3]
chebychev_scalarization Preference N [17]
chebychev_scalarization_decay Preference Y [19]
epo_search Preference N [16]
epo_search_decay Preference Y [16]
w_mgda Preference N [19]
wc_mgda Preference N [19]
wc_mgda_decay Preference Y [19]
e_constraint Constraint N [20]
ec_mgda Constraint N [9]
ec_mgda_decay Constraint Y [19]

3 Demo of MO-LightGBM
Bi-objective Learning to Rank: This example shows how to train
and evaluate a Bi-objective LTR model using various preference
and constraint-based MOO methods with minimum code. With
these few lines, the model is trained for each of the 5 preferences
or upper bounds specified by the user with all the MOO methods
provided in the mg_combinators. Evaluation results on selected
metrics (Losses@k, NDCG@k) can be easily obtained and visualized
for both training and test datasets. Refer to the GitHub page for
further examples on training Multi-objective Learning to Rank
models and customization options.

1 # Example: Config file for bi-objective experiment
2 dataset:
3 name: istella
4 train_file: "dataset/train.tsv"
5 valid_file: "dataset/test.tsv"
6 query_column: "1" # column of the query group id
7 main_label: "0" # only for constraint -based moo
8 all_labels: ['0', '11', '194'] # list of columns

of labels
9 bilabels_idx: [[0,1], [0,2]] # list of pair of

columns for bi-objective tasks
10 ignore_columns: ['0', '11', '194'] # all_lables +

extra columns that need to be ignored
11
12 lightgbm_parameters:
13 objective_type: lambdarank # lambdarank or ranknet
14 num_iterations: '1000'
15 num_thread: '0'
16 ndcg_eval_at: '5,30'
17
18 lightgbm_path: "../ LightGBM/lightgbm"
19 sample_lightgbm_config: "sample_config.conf"
20 num_tradeoffs: 5
21
22 mg_combinators:
23 preference_based:
24 - linear_scalarization
25 - stochastic_label_aggregation
26 - chebychev_scalarization_decay
27 - chebychev_scalarization
28 - epo_search_decay
29 - epo_search
30 - wc_mgda_decay
31 - wc_mgda
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Figure 3: Illustration of results for bi-objective LTR experi-
ments on Istella dataset with preference-basedMOO. Colored
lines and points represent different trade-off specifications
and the corresponding solutions, respectively.

32 - w_mgda
33 constraint_based:
34 - e_constraint
35 - ec_mgda_decay
36 - ec_mgda

4 Experiment
We ran experiments on the Istella-S LETOR dataset [13]. Each query-
url pair is represented by 200 features. Although these features
are engineered, their descriptions are not publicly released. To
define additional objectives, we selected features with more than
five distinct values and identified those with minimal correlation
among them. The final set of selected labels includes [0’, 11’, ‘194’].
In total, we incorporated three objectives, including the original
relevance label, and constructed two bi-objective cases. For model
hyperparameter tuning, we used 1000 trees and a learning rate of
0.25 as an example.

We present the results of a single run for the Istella LETOR
dataset. Tomaintain clarity, we separately plot results from preference-
based MOO methods in Figure 3 and constraint-based MOO meth-
ods in Figure 4, preventing overcrowding. For preference-based
MOO methods, all solutions exhibit compliance with the specified
preferences, ensuring alignment with the intended ranking objec-
tives. In contrast, for constraint-based methods, an equidistributed
upper bounds in the cost space does not necessarily translate to an
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Figure 4: Illustration of results for bi-objective LTR experi-
ments on Istella dataset with constraint-based MOO. Colored
lines and points represent different trade-off specifications
and the corresponding solutions, respectively.

equidistributed solution frontier in the NDCG space. This discrep-
ancy is problem-dependent and arises from the loose approximation
of LambdaRank [2] cost to the NDCG metric, rather than an in-
herent limitation of the constraint-based approach. Nonetheless,
the MOO method effectively adheres to the prescribed trade-off
specifications in the cost space.

5 Conclusion and Future Directions
We introduced MO-LightGBM, a comprehensive library for Multi-
objective LTR within the LightGBM framework. By integrating 12
popular MOO methods, MO-LightGBM simplifies the training and
evaluation of multi-objective ranking models, making advanced
optimization techniques more accessible. These enhancements em-
power both researchers and practitioners by facilitating seamless
model integration, enhancing usability, and lowering the barriers
to deploying effective MOLTR solutions in diverse applications.

Several opportunities remain for further development. One promis-
ing direction is to explore the integration of various gradient ma-
nipulation methods designed to find balanced and fair solutions
by optimizing conflict-aware update directions [23, 25]. Another
avenue involves extending the framework to support automated
hyper-parameter tuning and adaptive pipelines that dynamically
adjust to shifting data distributions using Bayesian Optimization.

Additionally, improving computational scalability and incorporat-
ing distributed training strategies [12, 24] could further enhance
MO-LightGBM’s ability to handle complex datasets more efficiently.
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Dr. Chaosheng Dong is a machine learning scientist specializing
in search relevance, generative information retrieval, and multi-
objective optimization. Currently a Tech Lead at Amazon, Dr. Dong
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