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Self-Supervision Language-SupervisionLanguage-Supervision:
- CLIP, SigLIP, MetaCLIP
- Learn from language that 

“describe the text”
- Train on Image-Text pairs 

crawled from the internet (400 
million to 100 billion)

- Good at classification, and 
widely used at backbone for 
multimodal models

Self-Supervision
- MoCo, MAE, DINO
- Learn from images itself 

(augmentation, masking)
- Train on ImageNet-Like 

Data (million scale to 
hundred million scale)

- Good at classification, 
segmentation, depth 
estimation, etc
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Recap on the MLLM Architecture

LLaVA 
[Liu, Haotian, et al. 2023]

InstructBLIP 
[Wenliang, Dai, et al. 2023]

They all use a pretrained Vision Encoder, CLIP!

Flamingo
[Alayrac, Jean-Baptiste, et al. 2022]

CLIP!
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How do we find these mistakes?



Finding CLIP-blind pairs
CLIP-blind pairs: If two images are encoded similarly by the CLIP model yet very different 
in visual appearance, then at least one of them has been inaccurately encoded.



MMVP (MultiModal Visual Patterns) Benchmark

MMVP Benchmark:  150 CLIP-blind pairs & handcrafted questions
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Why do models make these mistakes?



Finding Patterns in CLIP-blind Pairs

Questions in MMVP:



Finding Patterns in CLIP-blind Pairs
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: Summarize Patterns



Finding Patterns in CLIP-blind Pairs

Visual Patterns:Questions in MMVP:

: Summarize Patterns
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CLIP is Scaling!

Does scaling up 
CLIP solves the 
problem?



MMVP-VLM Benchmark
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CLIP models struggle

#1: Scaling up resolution does not help    #2: Scaling up network helps a little

#3: Scaling up data helps a little            #4: All CLIP-variants struggle 



Mistakes in CLIP and MLLM are correlated

The worse CLIP models are, the worse MLLMs are.



What’s next?



What’s next for more vision-centric MLLMs?

- What visual representations to use? 
- How to align modalities?
- What data do we train the model?
- How to train the model? 
- How do we evaluate and interpret results?

…



Cambrian-1
A Fully Open, Vision-Centric 
Exploration of Multimodal LLMs

Shengbang Tong*, Ellis Brown*, Penghao Wu*,
Sanghyun Woo, Manoj Middepogu, Sai Charitha Akula, Jihan Yang,

Shusheng Yang, Adithya Iyer, Xichen Pan, Austin Wang,
Rob Fergus, Yann LeCun, Saining Xie

New York University





Some Trivia



Visual Representations for MLLMs

How to evaluate 
visual reprs.?

What visual 
reprs. to use?



Visual Representations for MLLMs

23 models!



Evaluation Protocol

MMMU [Yue, et al. 2024] MM-Bench [Liu, et al. 2024]

DocVQA [Mathew, et al. 2020] RealWorldQA [Grok, et al. 2024] MMVP [Tong, et al. 2024]

and a lot more…



How should we systematically evaluate an MLLM 
and interpret the evaluation results?



Benchmark Analysis

1. Assess the “Multimodality” of the Benchmarks

2. Group Benchmarks into Clusters



Who’s answering the question: the LLM or MLLM?



Group Benchmarks by Correlation

If two benchmarks evaluate on similar domains, they should have a strong correlation
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Group Benchmarks by Correlation

Knowledge

OCR & Chart

General

Vision-Centric

Tiny compared 
to others!



Q: How can we scalably generate vision-centric 
MLLM evaluations?

💡 Repurpose existing vision datasets!



CV-Bench

ADE20K Omni3DMSCOCO



CV-Bench

2D 3D



CV-Bench



CV-Bench
Programmatically construct VQA 

questions using GT annos



CV-Bench

Manually filter all examples



CV-Bench
2,638 manually- 

inspected examples
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Group Benchmarks by Correlation

Knowledge

OCR & Chart

General

Vision-Centric

3.5x more 
vision-centric 

examples!
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Instruction Tuning Recipe

- 1 Stage or 2-Stage Training
- Training Connector first with Alignment Data?

 

- Freeze or Unfreeze Vision Backbone



Instruction Tuning Recipe



Instruction Tuning Recipe

More 
Alignment 
Data helps!



Instruction Tuning Recipe

Unfreezing 
Vision 
Encoder 
Helps 🔥
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Visual Representation ❄ 1.2M
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Visual Representation
#1 Language Supervised Models are better        #2 Gap is largest in OCR & Chart
#3 ConvNets are good at OCR                            #4 Best SSL Model good at vision-centric

But the Gap between SSL and 
CLIP models are so large!
Are SSL models inherently 
inferior to CLIP models, or 
something else…?



Scaling Language-Free Visual 
Representation Learning 
David Fan*, Shengbang Tong*, Jiachen Zhu, Koustuv Sinha, Zhuang Liu, 

Xinlei Chen, Michael Rabbat, Nicolas Ballas, Yann LeCun, Amir Bar†, Saining Xie†

FAIR, Meta, New York University, Princeton University
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Self-Supervision
- MoCo, MAE, DINO
- Learn from images itself (augmentation, 

masking)

- Train on ImageNet-Like 
Data (million scale to 
hundred million scale)

- Good at classification, segmentation, 
depth estimation, etc
 

Datasize is at least 10x smaller!
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Visual SSL in This New Era

ImageNet/LVD-142M: Million scale ImageNet or 
ImageNet-like distribution, mostly natural images

——>

Web-Scale Images (e.g. MetaCLIP): Billion scale 
diverse “random” images from the internet

MetaCLIP-2B: MC-2B
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Visual SSL in This New Era

Less than 1B params: ViT-Base, ViT-Large, 
ViT-Huge, …

——>

More than 1B params: ViT-1B, ViT-2B, ViT-3B, 
ViT-5b, …
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Visual SSL in This New Era

Classic vision eval: classification, segmentation, 
depth estimation, etc

——>

Using VQA as eval: diverser question, more than 
classic vision tasks



Evaluation Setup

We use Cambrian with frozen vision encoder (but finetuned adapter + LLM) to 
evaluate on VQA tasks: General, Knowledge, OCR&Chart, Vision-Centric

Tong, S., et al. (2024). Cambrian-1: A Fully Open, Vision-Centric Exploration of Multimodal LLMs. 



Visual SSL in This New Era

Let’s Scale!



Scaling Up Model



Scaling Up Model
Data: MC-2B, 2 billion samples seen

Model: ViT-1B, ViT-2B, ViT-3B, ViT-5B, ViT-7B

Method: DINOv2

Eval: Use VQA as evaluation.
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CLIP



Scaling Up Model
1. Web-DINO scales log-linearly w.r.t to model sizes
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Scaling Up Model
1. Web-DINO scales log-linearly w.r.t to model sizes
2. Under same conditions, Web-DINO scales better than CLIP
3. Web-DINO continues to excel on Vision-Centric VQA
4. The gap on OCR & Chart is closing!

 



Scaling Up Data



Scaling Up Data
Data: MC-2B:

- 1 billion samples seen
- 2 billion samples seen
- 4 billion samples seen
- 8 billion samples seen

Model: ViT-7B

Method: DINOv2

Eval: Use VQA as evaluation.
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CLIP
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Scaling Up Data
1. Model improves w.r.t to more data seen
2. SSL models consistently outperforms CLIP models
3. SSL models are better “visual” model
4. Gap closes on OCR & Chart. 

 



Q1. Does the observed scaling behavior 
generalize to other visual SSL methods? 
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Q2.Does visual SSL exhibit similar scaling behavior on 
smaller scale conventional data such as ImageNet? 



We conduct similar experiments training on ImageNet-1k
No obvious scaling trend on both VQA and ImageNet-1k

Q2.Does visual SSL exhibit similar scaling behavior on 
smaller scale conventional data such as ImageNet? 
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Evaluate our trained Web-DINO on classic vision benchmarks
1. Web-DINO is mostly better than MetaCLIP 
2. Web-DINO remains competitive with DINOv2

a. Challenging! Since LVD142M is retrieved from classic vision tasks train set. 

Q3.How do scaled models 
perform on classic vision tasks? 
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Hypothesis: Maybe web-scale data contains very rich text information in images, 
and SSL models can learn from them

The “text” in images contribute to the OCR & Chart ability and SSL 
method can learn from it

Q4.Why does web-scale data 
improve OCR & Chart performance? 



Q5. Why can SSL learn strong visual representations 
for multimodal modeling, without language supervision? 
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Q5. Why can SSL learn strong visual representations 
for multimodal modeling, without language supervision? 



Hypothesis: SSL models learn features increasingly aligned with language as 
model size and examples seen increases.
Measure its alignment with LLM via “Platonic Hypothesis”

Q5. Why can SSL learn strong visual representations 
for multimodal modeling, without language supervision? 

Huh, M., et al. (2024). The Platonic Representation Hypothesis.
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1. Training on more diverse data (MC-2B) lead to better alignment
2. Increase model size gradually lead to better alignment
3. Training on more data lead to better alignment
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1. Training on more diverse data (MC-2B) lead to better alignment
2. Increase model size gradually lead to better alignment
3. Training on more data lead to better alignment
As the model scales larger or train longer, it naturally aligns more with LLM

Q5. Why can SSL learn strong visual representations 
for multimodal modeling, without language supervision? 



Takeaways

● CLIP models might be the bottleneck in understanding the “visual” world and 
scaling up does NOT resolve the problem.



Takeaways

● CLIP models might be the bottleneck in understanding the “visual” world and 
scaling up does NOT resolve the problem.

● We need to develop better visual representation



Takeaways

● CLIP models might be the bottleneck in understanding the “visual” world and 
scaling up does NOT resolve the problem.

● We need to develop better visual representation

● Visual SSL are scalable learner: improves w.r.t to model and data sizes when 
we use VQA as evaluation



Takeaways

● CLIP models might be the bottleneck in understanding the “visual” world and 
scaling up does NOT resolve the problem.

● We need to develop better visual representation

● Visual SSL are scalable learner: improves w.r.t to model and data sizes when 
we use VQA as evaluation

● Visual SSL is compatible with CLIP models on VQA, even on OCR & Chart. 
And Visual SSL models are very good at “Vision” 



Thank you!


