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Abstract

Single-branch architectures have been proven effective for several multimodal learning tasks. In this talk, after
reviewing the use of single-branch architectures in multimodal learning, I describe their use in multimodal
recommendation, showing how they allow to address missing-modality and cold-start scenarios. I then describe
the use of single-branch architectures in collaborative filtering, showing how they allow to reduce the number of
model parameters without substantially affecting the quality of recommendations.
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Single-Branch Architectures in Multimodal Learning. Multimodal learning leverages information
from multiple diverse modalities (e.g., text, image, audio) to improve the performance of machine
learning (ML) models on various tasks, such as speech recognition, event detection, and media de-
scription [1, 2, 3]. Typically, multimodal models address these tasks by mapping all modalities to a
joint embedding space where modality instances are close if they have similar semantic meaning. This
approach is referred to as reducing the modality gap, i.e., reducing the distance between embeddings
of different modalities if they refer to the same content. For instance, text-visual models like CLIP [4]
reduce the distance between embeddings of matching images and descriptions (e.g., the picture of a
puppy and the text “A picture of my dog”). Most common multimodal methods achieve this goal with the
use of separate, modality-specific Neural Networks (NN) [5, 6, 7, 8, 9, 10, 11, 12, 2, 13]. In contrast to these
networks, recently single-branch architectures [14, 15] have shown promising results in multimodal
learning. These architectures use the same NN to map multiple modalities to the joint embedding
space. The positive impact of sharing model weights across modalities has also been proven particularly
effective in addressing the performance drop experienced in missing-modality scenarios [16, 17] i.e.,
when certain modalities are not available [18]. Furthermore, sharing the same NN to encode multiple
modalities allows reducing the number of model parameters of single-branch architectures compared
to architectures using modality-specific branches.

Single-Branch Architectures in Multimodal Recommendation. Multimodal recommender
systems (RS) [3, 19] apply multimodal learning to the domain of recommendation by providing rec-
ommendations to users based on input data of multiple diverse modalities. Extending the approach
of collaborative filtering (CF) methods, which rely solely on user—item interaction data, multimodal
RS leverage also side information on the users, such as demographic data, or items, such as textual
reviews or product images. This renders multimodal RS effective also in cold-start scenarios [20] i.e.,
cases in which the lack of historical data on past interactions for certain users or items leads to a
lower recommendation accuracy. Motivated by the observation that the performance deterioration
in cold-start scenarios can be regarded as a missing-modality scenario, we proposed to address cold
start by means of a Single-Branch Recommender (SiBraR [21]). The architecture of an instance of
SiBraR leveraging side information on the items is shown in Figure 1a and consists of a single-branch
encoding network g shared across item modalities. The model relies on two loss function terms: one
recommendation loss for Bayesian Personalized Ranking (BPR) [22] aimed at increasing the model
recommendation accuracy, and one contrastive loss between pairs of item modalities [23, 24] aimed at
further reducing the modality gap. We showed that in cold-start and missing-modality scenarios, SiBraR

DaQuAMRec 2025: 1st International Workshop on Data Quality-Aware Multimodal Recommendation, September 22nd, 2025,
Prague, Czech Republic

& marta.moscati@jku.at (M. Moscati)

@ 0000-0002-5541-4919 (M. Moscati)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
5


mailto:marta.moscati@jku.at
https://orcid.org/0000-0002-5541-4919
https://creativecommons.org/licenses/by/4.0/deed.en

(a) SiBraR [21]: Single-branch multimodal RS. (b) CoBraR [26]: Single-branch for CF.

Figure 1: Single-branch architectures for recommendation.

provides more accurate recommendations compared to well-established CF and multimodal RS [21],
and that the performance improvement is to be attributed to the simultaneous use of the single-branch
architecture and the contrastive loss [25].

Single-Branch Architectures in Collaborative Filtering. Modern CF algorithms [27] rely on
representing users and items in a joint embedding space where these are close if corresponding to a
positive interaction. Motivated by the analogy between this approach and the objective of reducing
the modality gap in multimodal learning, as well as by the observation that weight sharing allows to
simultaneously reduce the modality gap and to reduce the number of model parameters, we proposed
the use of a single-branch architecture for CF. The resulting model, named Collaborative Branch
Recommender (CoBraR [26]), is depicted in Figure 1b. The architecture and training paradigm of
CoBraR are similar to the well-established two-branch CF algorithm DMF [28], where the user and item
representations are obtained by converting their sparse interaction vectors, i.e., the corresponding row
or column in the user—item interaction matrix, to dense vectors by mean of two multi-layer perceptrons
(MLP) - one MLP for the user and one MLP for the item. The novelty of CoBraR is that the same MLP is
used to encode both users and items. We showed that CoBraR reduces the number of model parameters
compared to its two-tower counterpart DMF, improving beyond-accuracy aspects of recommendation
quality without compromising accuracy.

Future Applications of Single-Branch Architectures to Recommendation. Both SiBraR and
CoBraR translate single-branch architectures to RS and open the way for future applications. First,
although SiBraR has been proven effective for tackling scenarios where one modality is missing at
inference time, its architecture has not yet been evaluated on scenarios where one modality is also
missing during training. As for CoBraR, its architecture and training paradigm are based on DMF.
Therefore, there is no evidence yet of whether using weight sharing between users and items would also
be effective with other loss functions for recommendation, or for other two-branch CF models as well,
such as NeuMF [29]. Finally, SiBraR and CoBraR could be combined in a model where a same multimodal
single-branch is applied to all multimodal data of both users and items, including interactions and
side-information.
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