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Abstract

Multimodal models often experience a significant performance drop when one or more modal-
ities are missing during inference. To address this challenge, we propose a simple yet effective
approach that enhances robustness to missing modalities while maintaining strong perfor-
mance when all modalities are available. Our method introduces cross-modal proxy tokens
(CMPTs), which approximate the class token of a missing modality by attending only to the
tokens of the available modality without requiring explicit modality generation or auxiliary
networks. To efficiently learn these approximations with minimal computational overhead,
we employ low-rank adapters in frozen unimodal encoders and jointly optimize an alignment
loss with a task-specific loss. Extensive experiments on five multimodal datasets show that
our method outperforms state-of-the-art baselines across various missing rates while achiev-
ing competitive results in complete-modality settings. Overall, our method offers a flexible
and efficient solution for robust multimodal learning. The code for this paper is available
at: https://github.com/CSIPlab/Cross-Modal-Proxy-Tokens.

1 Introduction

Multimodal learning (Ngiam et al., 2011; Xu et al., 2023) integrates information from multiple (diverse)
input sources to improve the performance on downstream tasks. For example, examining a movie poster
image along with a short text synopsis can provide a greater insight into the movie’s type and genre. In
recent years, a number of methods have been proposed to effectively combine information from multiple
modalities, including early-stage fusion (Mo & Morgado, 2024), token-level fusion (Wang et al., 2022b),
channel exchange (Wang et al., 2020b), and bottleneck mid-fusion (Nagrani et al., 2021a). Furthermore,
specialized architectures have been proposed for specific multimodal applications, such as vision-language
tasks (Kim et al., 2021; Li et al., 2019; Lu et al., 2019), action recognition (Woo et al., 2023; Zhou et al.,
2022), and segmentation (Zhang et al., 2023a; Reza et al., 2024b). Most of these approaches assume that
all modalities are available for every sample during both training and inference, yielding better performance
than unimodal baselines. However, their performance drops sharply when one or more modalities get missing
(Reza et al., 2024a; Ma et al., 2022).

In practical applications, input modalities can be missing during training and/or inference for various reasons;
such as lack of synchronous data capture (limited paired data during training) and sensor failure or privacy
concerns (modalities missing during inference). Ma et al. (2022) observed that multimodal transformers
such as ViLT (Kim et al., 2021) exhibit a drastic performance drop when one or more modalities are missing
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