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About Us

• Research Scientist, FAIR, Meta.

• Foundational Data Research

• Leads Meta CLIP, VideoCLIP etc.

• Foundation for Llama, DINO, Perception Encoder, SAM 3, Web-SSL, Smart Glasses etc.



Motivation
• Share with the community our observations and insights on data.

• Why data matters as a foundation for research.
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Foundation for Research and Production at Meta

CLIP

Data pipeline built from scratch, processing 100B+ scale image-text pairs.



Outline
• Data, Supervision and Bottleneck

• Meta CLIP

• Meta CLIP 2

• Future Bottlenecks (Our Estimation)



01 Data, Supervision and Bottleneck



What is Data?



History of ALL Processes Ordered by Timestamp



History of ALL Processes Ordered by Timestamp

“You cannot step into the same river twice.”

Heraclitus



Observation



After some Hidden Processes, More Observation 

“one”



After some Hidden Processes, More Observation 

“one”

Data are partial observations.



From Processes with Hidden Structures

?
“one”



To a Model (that Approximates the Hidden Structure)

Model “one”



Processes are NOT Equally Valuable

“one”
???



Select Processes with Dense Supervision ?

“one”X



Scaling Processes with Dense Supervision ?
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Scaling Processes with Dense Supervision ?

“one”X

Resources are always limited; cannot scale arbitrarily !!!



What is Bottleneck and Why Finding it Matters ?



Shortest Plank Theory



Shortest Plank Theory



Four legs of horse ?
Horse Maintenance ?

Shortest Plank Theory



Shortest Plank Theory



Bottleneck of AI

Model

• (1990s-late 2000s)

• Big Data

• Small Model

•     SVM’s fixed non-linear kernel

• fixed non-linear kernel
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Data

• (2012~2025)

• Big Model (Neural Network)

•   Learnable Non-linear Transformation

• Data Filters and Data Walls ?

• Data Filters and Data Walls.



(Inspired by Jensen’s Compute Scaling Law …)
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Main Contribution
• A formal data algorithm:

•      no OpenAI or Google Image Search dependency;

• Scaling CLIP data to billions from all CommonCrawl image-text pairs;

•      Dense Concept Supervision, wide adoption by research and production.

• No Filter Philosophy: 

•      CLIP filter / file name filter / date filter etc. are unnecessary or harmful;

•      Short-term gains, long-term bottlenecks: bitter lessons.

• Online Curation: training-on-distribution:

•      NOT a finite dataset.



From a Description in CLIP paper

Radford et al. Learning Transferable Visual Models From Natural Language Supervision

https://arxiv.org/search/cs?searchtype=author&query=Radford%2C+A


To Data Algorithm



To Data Algorithm

• Minimal global operation, mostly async operations to scale on workers.

Global Operation



Balancing
Raw Distribution: 

Exponential Growth

Training Distribution: 
Linear Growth

Visual Concepts Accumulated from Tail to Head



Bending the Curve



Bending the Curve

Faster



Bending the Curve

Faster

Better
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Motivation
• CLIP is English only, with an implicit English filter on data.

• Dropped 50%+ non-English pairs.

• Curse of Multilinguality:

•     eg English performance in mSigLIP is worse than SigLIP;

•     Hindering wide adoption (English as the major use case).

• Reduce language bias and culture bias.

• If no filter philosophy for CLIP, so as to languages.

Training
English

Non-english



Meta CLIP 2 Scaling



Break the Curse of Multilinguality



Algorithm 2.0



Scaling Both model (ViT-H) and Seen Pairs (2.3x)



To Break the Curse of Multilinguality



Alignment and Uniformity



Culture Diversity



04 Future Bottlenecks (Estimation)
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• Metadata, Code and Model:
• https://github.com/facebookresearch/MetaCLIP
• https://meta-clip.github.io

• For more information, visit Meta Booth, or

• Exhibit Hall C,D,E #4913 
• Wed 3 Dec 11 a.m. PST — 2 p.m. PST

https://github.com/facebookresearch/MetaCLIP
https://meta-clip.github.io

