
Multimodal Lego: Model Merging and Fine-
Tuning Across Topologies and Modalities

Problem

Solution

Konstantin Hemker, Nikola Simidjievski, Mateja Jamnik {kh701, ns779, mj201}@cam.ac.uk PaperCode

Contributions
Performant multimodal models without 
costly e2e training
Agnostic to model architecture, enabling 
flexible multimodal learning

Scalable to any number of modalities

Robust to high cross-modal imbalance 
and/or missing modalities

Novel multimodal model merging 
paradigm with three components: 
• LegoBlocks: fits modality-specific 

adapter to pre-trained model with any 
topology

• LegoMerge: effectively merges the 
blocks with little signal interference

• LegoFuse: allows for parameter-efficient 
fine-tuning
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Mean and standard deviation of task performance, showing the concordance Index (survival) and
AUC (classification) on 5 random sub-sampling folds with the best and second-best models
highlighted.

Results

Frequency-domain representations preserve signal

Latent A

Latent B

Mean pooling

Harmonic mean
Original

Original

Mean task performance (c-Index/AUC) of LegoBlock (Tabular),
LegoBlock (Image/Time Series) and LegoMerge, showing the increase
in task performance by applying the multimodal model merge without
any fine-tuning. Our proposed method shows improved performance
on 6 out of 7 tasks.

LegoMerge outperforms unimodal models without additional training 

AUC performance on the MIMIC dataset when merging pre-trained using
LegoMerge and LegoFuse. Our multimodal model merge shows significantly
improved performance over using and ensemble, exhibiting the performance gains
at no additional cost through the merge.

Merge vs. Ensemble

Architecture Overview

Frequency-domain state
passing in the LegoBlock.
The real components of
the FFT are used in the
cross-attention while the
imaginary component is
used for reconstruction.

Latent state passing

Multimodal models require many paired 
training samples for competitive performance.

How can we build performant multimodal 
models from pre-trained unimodal encoders? 

Fusion & ensembling 
methods may sacrifice 

performance from 
signal interference

Model merging
requires equivalent 

architectures to 
interpolate weights.


