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Can We Create Multimodal Models by 

Aligning Pretrained Unimodal Models?

Train from scratch

+

Multimodal data

Train
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(Randomly initialized)

Aligning pretrained models

+

Multimodal data

Unimodal Model
(Pretrained)

Unimodal Model
(Pretrained)

Alignment

Build the alignment



Current Alignment Still Require 

Large Amount of  Paired Data 
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1.5 M paired 

samples 20 M paired 

samplesMillions of paired samples are often unavailable in many 

domains like healthcare and biology, where collecting high-

quality multimodal data is expensive and labor-intensive.

Can We Align Pretrained Unimodal 

Models with Limited Data?
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Can We Align Pretrained Unimodal 

Models with Limited Data?
Modality 1 Modality 2

aligned misaligned

Goal: 
Alignment

Main challenge: how to guiding the model 

toward a well-aligned solution?

The spaces can be misaligned 

due to overfitting.
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Method: Overview

5

Key idea: Preserves the neighbourhood geometry of the latent 

space of the pretrained unimodal encoders.

Fabian Gröger Shuo Wen

Huyen Le
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Method: STRUCTURE Regularization
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Shared space

Modality 1

𝐸𝑛𝑐 1

Modality 2

𝐸𝑛𝑐 2

𝑓1

𝑓2

𝐸𝑛𝑐: Encoder

𝑓: Alignment function

Frozen

Trainable

samples of modality 1

samples of modality 2

correspond

Pretrained space

Constrastive 

learning objective

(existing methods)

Preserves the pretrained 

latent structure.
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Method: STRUCTURE Regularization
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Similarity matrices

𝑆𝑋 =
෨𝑋 ෨𝑋𝑇

𝜏

𝐽𝑆(𝑃𝑋
𝑙
, 𝑃𝐴

(𝑙)
)

Jensen-Shannon 

divergence

Minimize to preserve 

the structure!

Key idea: Preserve the structure of pretrained space! 
Data points that are similar to each other in the pretrained space 

should remain similar in the aligned space.

𝑆𝐴 =
෨𝐴 ෨𝐴𝑇

𝜏

𝑃𝑋 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑆𝑋

Similarity distributions

𝑃𝐴 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑆𝐴

𝑋1 𝑋2

Pretrained space

Shared space 𝐴

(𝑋 can be either 𝑋1 or 𝑋2)
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Method: STRUCTURE Regularization
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Regularizer: To capture relationships reachable by 
exactly 𝒍 hops on the similarity graph

Existing alignment objective function,
e.g., CLIP loss.

STRUCTURE Regularization can be easily 

Incorporated into existing alignment methods!

Loss function:
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Method: Layer selection

9

Key idea: Align most similar layers 

(which is not necessarily the last ones)!

Last layers are not 

always the best 
layers for alignment!

: last layers

Finding: The alignment quality (model performance) is highly correlated with 

the layer similarity (measured by mutual KNN)!
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Method: Summary

10

Both components can be easily Incorporated into 

existing alignment methods!

𝐿𝐴: Alignment function 

from existing methods

1. Select and align the most 
similar layers using mutual KNN

2. Adding STRUCTURE regularization 
𝑅𝑆 to the objective function
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Main Results

11

Existing method benefit a lot from incorporating with our 

STRUCTURE regularization (𝑅𝑠) and layer selection strategy.

2.5% improv.

4.8% improv.

2.0% improv.

68.4% improv.

74.0% improv.

26.8% improv.
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Across Different Model Combinations.

12

The same improvement exists across different model combinations.
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Scaling Down the Training Data

13

Proposed approach works well even with less data.

Requires less data 

to achieve the same 
performance. 



19

Scaling Up the Training Data

14

Impact of STRUCTURE 

regularizer diminishes as 

more data is available.

Proposed approach brings the most benefit with limited data.
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Train-test Data Distribution Shift 

15

Include a small number of in-domain 

samples into the training set can 

significantly improve the performance!

Despite the advantages of the proposed alignment approach,

in low-data regimes, performance remains low on certain datasets:
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Recap: STRUCTURE Regularization

16

Shared space

Modality 1

𝐸𝑛𝑐 1

Modality 2

𝐸𝑛𝑐 2

𝑓1

𝑓2

𝐸𝑛𝑐: Encoder

𝑓: Alignment function

Frozen

Trainable

samples of modality 1

samples of modality 2

correspond

Pretrained spaceDoes the STRUCTURE Regularization really 

preserve the pretrained structure?
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Neighborhood preservation

17

STRUCTURE Regularization preserves the pretrained structure!
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