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Contrastive Multimodal Pretraining: The vision-encoder workhorse

SigLIP, CLIP, …

Laion, WebLI…

Image Text

SigLIP - Sigmoid-based

CLIP - Softmax-based

normalization

Training in this manner: High zero-shot generality, e.g. for
open-vocabulary classification, retrieval, …
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Modern objectives: Take representations, and re-use them further down the line.
E.g. for retrieval augmentation, memory-augmented models, vision-context in multimodal LLMs…

Can you pretrain for such general purpose re-use?
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Modern objectives: Take representations, and re-use them further down the line.
E.g. for retrieval augmentation, memory-augmented models, vision-context in multimodal LLMs…

Can you pretrain for such general purpose re-use?

Goal:
Pretrain vision encoder at scale to:
● maintain zero-shot generality
● be better for dictionary lookup style re-use

Important:
Avoid trade-off!
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Step 1: Take standard objective:

Step 2: Introduce a contextualization surrogate objective:

Significant trial & error later…
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LIxP: Injecting re-usability into pretraining at scale

Step 2: Introduce a contextualization surrogate objective:

Mimic (soft) dictionary lookup with attention:

What to use as keys and values?
Visual representation, textual, stale, EMA, augmented?

How to efficiently maintain and shard it correctly at scale?
Maintain separate model or large memories can be costly.
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Step 2: Introduce a contextualization surrogate objective:

Occam’s Razor: Simple is best (if done right)

Use same batch as key & values, but:

Mask out self-attention shortcut



LIxP: Injecting re-usability into pretraining at scale

Step 2: Introduce a contextualization surrogate objective:

Occam’s Razor: Simple is best (if done right)

Use same batch as key & values*

Super scalable extension!



Making it work: A challenge of engineering and patience

Three distinctly learnable, 
exponential temperatures

Re-usability is emergent - 
sufficiently long training is 
needed.

Large enough pretraining 
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Three distinctly learnable, 
exponential temperatures

Re-usability is emergent - 
sufficiently long training is 
needed.

Large enough pretraining 
batchsizes.



When it works: Near free lunch!

Zero-Shot changes minimal

Few-Shot gains significant
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When it works: Near free lunch!

LIxP pretraining + simple NN classifier
beats
more complex / specialized / learned

The larger your context window / 
dictionary, the higher the gains!



When it works: Near free lunch!

If done right:
can be inject as post-training-stage!



Put together:

It is possible to pretrain for two key functionalities at once, if:

● Loss balancing

● Scalability via D.o.F in representation space.

● Dictionary lookup objective surrogate.

● Needs scale: Batchsize informs memory size.

● Can be post-trained into a pretrained model too!
Profit!


