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Abstract. Recommender systems researchers rely heavily on general-
purpose libraries that facilitate data preprocessing, model training, and
evaluation. However, existing frameworks often suffer from fragmented
data handling, inconsistent preprocessing, limited interoperability, and
poor dataset referencing, which hinder reproducibility and comparability
between studies. We present OmniRec, an open-source Python library
designed to address these limitations. OmniRec provides standardized
access to more than 230 datasets, a unified and flexible preprocessing
pipeline, and seamless integration with multiple state-of-the-art recom-
mender system frameworks, including RecPack, RecBole, Lenskit, and
Elliot. Its modular architecture allows researchers to easily integrate new
datasets, customize preprocessing steps, and external model interfaces.
By combining ease of use, transparency, and reproducibility, OmniRec
simplifies experimentation and fosters a more open and collaborative
ecosystem for recommender systems research and practice.
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1 Introduction

The growth of the number and size of datasets, models, and evaluation protocols
for recommender systems has created both opportunities and challenges. Con-
currently, recommender systems research has relied on general-purpose libraries
that simplify the development and evaluation of models. While powerful frame-
works exist to train and evaluate recommendation models, the community still
struggles with fragmented data handling, inconsistent preprocessing, and limited
interoperability between toolkits [17].

Frameworks such as RecBole [29], Lenskit [6], Lenskit-Auto [22], Elliot [2],
RecPack [I8], Surprise [10], Auto-Surprise [I], ClayRS [16], DaisyRec [21], Mi-
crosoft Recommenders [§], RecStudio [15], RecList [5], Spotlight [13], Cornac
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[19], LightFM [I12], TorchRec [II], and ReChorus [I14] have become integral to
both academic and applied work, providing implementations of data preprocess-
ing, model training, and evaluation protocols [282317].

While such frameworks often support multiple input formats, pre-filtering
options, and a variety of dataset splitting strategies, recent work has high-
lighted substantial shortcomings in current practice [I7]. Pipelines vary drasti-
cally across frameworks, making comparisons opaque and hindering reproducibil-
ity due to three primary problems: (1) fragmented and incompatible data han-
dling, (2) inadequate dataset referencing and versioning, and (3) inconsistent
implementation of core methods. First, data handling is often fragmented, with
each framework implementing its own incompatible preprocessing logic, prevent-
ing datasets from being shared or used across different frameworks. Second, poor
dataset referencing and versioning, including missing citations, undocumented
modifications, and broken download links, undermine applicability. Finally, pre-
processing and splitting methods, such as feedback conversion or k-core filtering,
are implemented inconsistently or absent altogether, and many frameworks re-
main closed in design, lacking standard export formats or integration APIs.

These limitations create two major problems: reduced accessibility for new-
comers and a lack of scientific rigor. Reduced accessibility is evident in the steep
entry barriers from a lack of standardization. Preparing a dataset for a sim-
ple baseline requires substantial, error-prone preprocessing that is frequently
duplicated across research groups, diverting time from novel development. The
absence of a standardized preparation process inhibits fair benchmarking and re-
duces scientific rigor, as variations in filtering and splitting create incompatible
evaluations even with the same nominal dataset [9/7]. Missing data provenance
on source and transformations compromises reproducibility and ethical compli-
ance, and the absence of cross-framework export mechanisms forces error-prone
reimplementation of pipelines to compare models from different toolkits [20].

In this paper, we present OmniRec, a novel open-source Python library de-
signed to address these issues through a comprehensive and robust all-in-one ap-
proach. OmniRec provides a unified interface for loading more than 230 datasets,
coupled with a simple preprocessing API for cleaning and transformation. A key
advantage is that this preprocessing pipeline is defined only once and can then
be seamlessly executed across all integrated frameworks, eliminating redundant
effort and ensuring consistency. To ensure reliability, its core design leverages
modern Python typing to create strict interfaces, enabling developers to catch
errors during code development and avoid costly, late-stage runtime crashes.

A cornerstone of OmniRec’s interoperability is its seamless integration with
multiple state-of-the-art recommendation frameworks. Our initial release inte-
grates RecPack, RecBole, Lenskit, and Elliot. We developed custom API adapters
for each framework, which we coupled with an automated environment manage-
ment system that creates and maintains isolated virtual Python environments
for each library. Thereby, OmniRec elegantly solves the critical problem of de-
pendency conflicts between research frameworks.
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OmniRec emphasizes extensibility, allowing developers to add new datasets,
preprocessing operations, external frameworks, and evaluation metrics with min-
imal effort. For example, integrating a new recommender framework requires only
a few hours of work implementing OmniRec’s accessible interfaces. In terms of
maintenance, framework updates that preserve a framework’s API are trivial,
i.e., a version bump, while those with breaking API changes require effort similar
to adding a new framework. Using OmniRec, all processed datasets are fully doc-
umented, with complete provenance and exportable in common formats, enabling
fair benchmarking and cross-framework experimentation. By addressing robust-
ness, dependency management, and interoperability, OmniRec lowers the barrier
to entry, safeguards reproducibility, and fosters a transparent research ecosys-
tem. Unlike other frameworks, it provides a truly end-to-end, multi-framework
workflow through a flexible, unified pipeline.

2 OmniRec

OmniRec is an open-source project, with source code on GitHulfI, comprehensive
documentation’} and a live demonstrationf’} Figure[1]illustrates the main compo-
nents of OmniRec, which are organized into four interconnected modules: Data
Loader, Preprocessing Pipeline, Recommender Interface, and Evalua-
tor. This architecture enables a flexible, end-to-end workflow that spans from
dataset loading to model evaluation.

The Data Loader loads registered datasets via specialized interfaces. It
includes preprocessing operations, i.e., optional removal of duplicate user-item
interactions and normalization of identifiers to incrementing integers, to ensure
consistency across datasets. In addition, it exposes dataset statistics, which can
be used for both exploratory analysis and reproducibility reporting.

The Preprocessing Pipeline applies user-specified preprocessing steps.
Currently supported operations include subsampling, filtering by time or rat-
ing, core pruning, feedback conversion, and several splitting strategies, such as
time-based holdout, random holdout, user-based holdout, and user-based cross-
validation. The pipeline design is extensible, allowing developers to add new
preprocessing functions by implementing a pre-defined interface.

The Recommender Interface enables seamless export of preprocessed
datasets to the widely used recommender systems frameworks Lenskit, RecPack,
RecBole, and Elliot. Through this interface, users can select algorithms, fit mod-
els, and generate predictions within the target framework, all while maintaining
a single, unified preprocessing pipeline.

The Evaluator module provides a standardized interface for assessing model
performance across different frameworks and datasets. It supports the computa-
tion of ranking- and rating-based metrics, ensuring that evaluation metrics are

* lhttp://code.isg.beel.org/OmniRec
® lhttps: //omnirec.recommender-systems.com /
S https://youtu.be/fr4Gxo0s TwE
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Fig. 1. Diagram of the OmniRec architecture, depicting four main components with
their respective features and the relationships between them. Semi-transparent grey
boxes denote features planned for future integration.

directly comparable regardless of the underlying framework. By centralizing eval-
uation logic, the module eliminates discrepancies caused by framework-specific
metric implementations and promotes transparent, reproducible reporting. Eval-
uation outputs can be stored in addition to the dataset and preprocessing meta-
data, enabling complete experiment traceability and facilitating long-term re-
producibility in recommender systems research.

2.1 Evolution and Future Plans

OmniRec is the product of a multi-year development and validation process
within our laﬂﬂ It has served as the experimental basis for our research pub-
lished in the top recommender systems venues, including ACM RecSys, ECIR
[23/4126125], and more [27]324]. OmniRec has also demonstrated its accessibility
through its adoption in numerous undergraduate and graduate theses.

This work accompanies its inaugural public release. Designed for extensibility
and growth, OmniRec will continue to evolve according to the following post-
release roadmap, which is also illustrated in Figure [I] Our immediate priorities
include: (1) adding a visualization component to simplify the creation of plots
for datasets and evaluations; (2) introducing an algorithm selection module that
suggests suitable models based on dataset characteristics [25], and (3) incorpo-
rating energy consumption monitoring to provide insights into the computational
cost and environmental impact of experiments [27].

7 https:/ /isg.beel.org/
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