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• MultiSLIVI and DMLIVI extend LIVI to include RNA and protein data.

• Both models reconstructed protein counts, but this reduced RNA reconstruction quality.

• DMLIVI gave a better RNA-protein reconstruction balance than MultiSLIVI.

• Cell-type information was mostly preserved in the latent space.

• Higher protein weighting made cell-type clusters less clear in MultiSLIVI.

• Multimodal models showed more donor information in the cell-state embeddings.

• LIVI still found the most significant SNP-D factor associations among tested models.

• Modelling additional protein data this way did not improve downstream eQTL discovery.

• Overall, LIVI remained the strongest model for genetic association testing.

• Future models should more carefully separate shared, modality-specific, and donor-

related variation.
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Background: The analysis of data that comes from scRNA-seq is promising in terms of 

new insights about how organisms work at a lower level. Studying how to perform such an 

analysis is important because given human data, we can potentially gain new knowledge 

about unknown biological mechanisms in our physiology.

Problem: scRNA-seq data is highly dimensional and sparse. Previous methods were 

lacking in terms of their scalability, interpretability, or ability to find trans eQTL. One of the 

recent methods, LIVI [1], proves promising because it uses VAE architecture for scalability 

with linear decoders for better interpretability. It extends VAE by separating cell-state and 

donor variation, also modelling their interaction. What is missing in the LIVI model, and 

what is also mentioned as its possible extension, is enriching the cell-state latent space 

with data from other modalities.

Research Question: How can LIVI be extended to jointly model RNA and protein data, 

and does this improve the biological interpretability of its latent representations?
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• scRNA-seq (single-cell RNA sequencing) – method to obtain gene expression 

measurements at a single-cell resolution.

• eQTL (expression Quantitative Trait Locus) – a single nucleotide polymorphism that 

affects gene expression; trans-eQTL affect genes further away from the polymorphism.

• VAE (Variational Autoencoder) – a neural network architecture able to compress and 

reconstruct data, where the encoder and decoder are both neural networks.

• CITE-seq – a method that measures cell surface proteins and mRNA in a single cell.

MultiSLIVI (Multimodal Shared-space Latent Interaction Variational Inference) extends 

the architecture of the original LIVI with a few changes:

1. Encoder: Same architecture (multilayer perceptron), however its input is 

concatenated RNA and protein measurements.

2. Decoder: All decoders for each of the latent spaces are now split into two, one for 

each modality.

Most importantly, there are no new latent variables, and the interaction term stays 

unchanged. To reconstruct the gene expression vector for a cell 𝑖, we compute:

where                                                . Similarly, to reconstruct protein counts:

Multimodal LIVI model employs many features from the original LIVI model, and the 

main concepts, such as separate latent spaces for cell-state and donor effects or 

modelling their interaction, are presereved. It decomposes the observed gene expression 

and protein counts into cell-state embedding 𝒄, and donor-specific effects (𝑫, 𝑽). 𝑫 is a 

matrix containing cell-state-specific donor embeddings per each donor, whereas 𝑽
contains global variation embedding per each donor. 𝑨 is a factor assignment matrix that 

maps the latent 𝑫 factors to latent 𝑪 factors. The term 𝒄𝑨⊙ 𝒅𝒚 makes use of the 

assignment matrix to capture cell-state-donor interaction. There are two classes of linear 

decoders (𝑾), each serving to reconstruct a different modality. Within each class there is 

one decoder to decode each of the latent spaces (𝑪, 𝑫 × 𝑪 interaction, and 𝑽).
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2.1. MultiSLIVI

2.2. DMLIVI

The model extends the architecture of the original LIVI with a few changes:

1. Encoder: Same architecture (multilayer perceptron), however its input is 

concatenated RNA and protein measurements.

2. Decoder: All decoders for each of the latent spaces are now split into two, one for 

each modality.

Most importantly, there are no new latent variables, and the interaction term stays 

unchanged. To reconstruct the gene expression vector for a cell 𝑖, we compute:

where                                                . Similarly, to reconstruct gene counts:

Both gene expression and protein measurements are assumed to be drawn from 

Negative Binomial distribution which accounts for the count nature of the data. The loss 

for the model includes reconstruction errors for both modalities, Kullback-Leibler (KL) 

divergence, and sparsity penalties for both 𝐷 × 𝐶 decoders and 𝐴:

DMLIVI (Disentangled Multimodal Latent Interaction Variational Inference) combines the 

architecture of the original LIVI with the disentanglement principles from Disentangled 

Multimodal Variational Autoencoders (DMVAE) [2]. For each modality we learn a shared 

(𝑐) and a modality-specific embedding (𝑠). To separate the signals, we employ the 

following measures:

1. Alignment of the shared embeddings: minimize the MSE between the shared 

components and compute the final shared embedding using product of experts.

2. Disentanglement of the modality-specific embeddings: use a simple (dot-product) 

correlation penalty between the shared embedding and the modality-specific ones.

Then, to reconstruct the input vector for a cell 𝑖, we need both the shared and modality-

specific embeddings and compute:
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