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Challenges on the way from research to the real world

Transportation

Chat assistants

Health care

Robotics

Need reliable machine learning
2



[Deng, Dong, Socher, Li, Li, Fei-Fei’09]
[Russakovsky, Deng, Su, Krause, Satheesh, Ma, Huang, Karpathy, Khosla, Bernstein, Berg, Fei-Fei’15] 3



Robustness on ImageNet
Lots of progress on ImageNet over the past 10 years, but models are still not robust.

ImageNetV2 ObjectNet ImageNet-Sketch ImageNet-R
[Barbu, Mayo, Alverio, Luo, 
Wang, Gutfreund, 
Tenenbaum, Katz ’19]

[Hendrycks, Basart, Mu, 
Kadavath, Wang, Dorundo, 
Desai, Zhu, Parajuli, Guo, 
Song, Steinhardt, Gilmer ’20]

[Wang, Ge, Lipton, Xing ’19][Recht, Roelofs, 
Schmidt, Shankar ’19]

Evaluation: new test sets
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AlexNet

EfficientNet-B7

VGG, ResNet, DenseNet,

ResNeXt, Inception, NASNet, etc.

[Taori, Dave, Shankar, Carlini, Recht, Schmidt ’20]
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In-distribution accuracy

Expected out-
of-distribution 

accuracy

Baseline out-of-distribution accuracy from in-distribution accuracy.



Do current robustness interventions achieve effective robustness?
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Humans
[Shankar, Roelofs,     

 Mania, Fang,

 Recht, Schmidt ’20]
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Only training on (a lot) more data gives a small amount of effective robustness.

JFT-300M 
pretrained

Instagram 1B 
pretrained

ImageNet-21k 
pretrained

[Recht, Roelofs, 
Schmidt, Shankar ’19]

[Taori, Dave, 
Shankar, Carlini, 
Recht, Schmidt ’20]



ObjectNet: Objects in Unusual Positions 
ImageNet ObjectNet

Mainly object-
centric and clean 
images


(collected from 
Flickr)

Intentionally 
randomized:

• object poses 

• locations

• etc.


(collected via  
specific crowd 
worker annotations)

[Barbu, Mayo, Alverio, 
Luo, Wang, Gutfreund, 
Tenenbaum, Katz ’19]



55 60 65 70 75 80 85 90
,mDge1et (cODss-subsDmSOed) (toS-1, %)

15

20

25

30

35
40
45
50
55
60
65

70

2
bj
ec
t1
et
 (t
oS
-1
, %
)

Distribution 6hiIt to 2bject1et

Same trend: only more data gives effective robustness.

y   x
Standard traLnLng

RRbustness LnterventLRn
TraLned wLth mRre data

LLnear fLt

[Barbu, Mayo, Alverio, 
Luo, Wang, Gutfreund, 
Tenenbaum, Katz ’19]

[Taori, Dave, 
Shankar, Carlini, 
Recht, Schmidt ’20]



ImageNet-Sketch & ImageNet-R

[Wang, Ge, Lipton, Xing ’19]

[Hendrycks, Basart, Mu, Kadavath, Wang, Dorundo, 
Desai, Zhu, Parajuli, Guo, Song, Steinhardt, Gilmer ’20]



Some gains from adv. training and data augmentation. More data models still best.



Beyond image classification
Similar phenomena appear in other computer vision problems:

MRI reconstruction Pose estimation Object detection

[Roelofs, Caine, Vasudevan,

 Ngiam, Chen, Shlens ’21]

[Miller, Taori, Raghunathan, 
Sagawa, Koh, Shankar, Liang, 
Carmon, Schmidt ’21]

[Darestani, Chaudhari, Heckel ’21]



Beyond computer vision
SQuAD (Stanford Question Answering Dataset): question answering on paragraphs

[Miller, Krauth, Recht, Schmidt ’20]Similar trends in natural language processing.

Wikipedia New York Times Reddit Amazon reviews



Similar story 
in domain 
generalization
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+6%

+51%

+40%

+35%

+74%

Very large improvements in out-of-distribution robustness.

Effective 
robustness



The GPT-2 paper (2019)

The CLIP paper (2021)



An overview of CLIP

Training data: 400 million images collected from the web (dataset internal to OpenAI).
Compute: Trained on 250 - 600 GPUs for up to 18 days.
Model: ResNets and ViTs with up to 300M parameters.



How is CLIP Trained

The western slope of 
Mount Rainier in 2005

u1

v1

An image of an avocado 
armchair

un

vn

…

Objective: pairs should be more aligned

n

∑
i=1

− log e⟨ui,vi⟩

∑n
j=1 e⟨ui,vj⟩

+
n

∑
i=1

− log e⟨ui,vi⟩

∑n
j=1 e⟨uj,vi⟩



Fine-tuning vs. zero-shot inference

1. Pre-training

Large-scale 
noisy web 

data

2. Fine-tuning

Large-scale 
noisy web 

data

Adapting to a task of interest

Small-scale 
clean task-

specific data

State-of-the-art ML models often come from a two-step process.

CLIP skips fine-tuning: directly applies to task of interest via zero-shot inference.



[Radford, Kim, Hallacy, Ramesh, Goh, 
Agarwal, Sastry, Askell, Mishkin, 
Clark, Krueger, Sutskever ’21]

Large robustness gains

But: fine-tuning reduces

        robustness

Can we get both high 
in-distribution and 
out-of-distribution 
accuracy?

What makes CLIP 
robust?



Can we fine-tune CLIP without losing robustness?
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Raised as an open problem by researchers from OpenAI, Stanford, Google, etc.

The problem with fine-tuning



CLIP Fine-tuned

+ =1
2

1
2

Weight-space ensembles for fine-tuning (WiSE-FT)

A simple but effective solution

Task accuracy

Robustness

Building on [Nagarajan, Kolter ’19], [Frankle, Dziugaite, Roy, Carbin ’20],

                   [Neyshabur, Sedghi, Zhang ’20].
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Christie et al., 2018+3.7pp OOD

Koh et al., 2021

Beery et al., 2018

+6.5pp 
OOD

CIFAR-10.1. 
Recht et al., 2019

CIFAR-10.2. 
Lu et al., 2020

+2.2pp OOD +3.0pp OOD

ImageNet-Vid-Robust


Shankar et al., 2019 

YTBBRobust


+8.3pp OOD

+14.7pp OOD



Robustness gains invariant as compute scale increases
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Final result (high accuracy models)

Where all the experiments happened

    (low accuracy models)

    → cheaper → faster iteration

Reliable extrapolation via 
“Accuracy on the line”
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All experiments measured effective robustness



Robustness gains invariant as compute scale increases

Experiment with the full-scale model at OpenAI worked on first try!

ID-OOD trends are a reliable scaling law for model design
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Why stop at averaging two models?



Outcome: State-of-the-art public CLIP models
To enable our research and make our models available, we built OpenCLIP.

• Most widely used open source CLIP implementation (4,900 GitHub stars)

• Best public CLIP models (as of 2023 better than OpenAI checkpoints)

• Template for proprietary implementations (Apple, Meta)

• More than 150,000 downloads (git clones) per day

• Top 1% of all Python packages

• OpenCLIP provides the language guidance component in Stable Diffusion

LAION



[Radford, Kim, Hallacy, Ramesh, Goh, 
Agarwal, Sastry, Askell, Mishkin, 
Clark, Krueger, Sutskever ’21]

Large robustness gains

What makes CLIP 
robust?





Hypotheses for CLIP’s robustness

Loss function

Language supervision

Training distribution

Test-time prompting

Training set size

Model architecture

CLIP Standard ImageNet 
supervised learning

ViTs CNNs

Yes No

ImageNet???

Contrastive Supervised

Yes No

400M 1.2M

37



Hypotheses for CLIP’s robustness

Loss function

Language supervision

Training distribution

Test-time prompting

Training set size

Model architecture

CLIP Standard ImageNet 
supervised learning

ViTs CNNs

Yes No

ImageNet???

Contrastive Supervised

Yes No

400M 1.2M

38



What is the path to reliable generalization?

ML = algorithms + data
• Optimization procedures


• Model architectures


• Loss functions


• … (thousands of papers)

?
39





Main innovation in GPT-3: “In-context learning”

How can we achieve in-context learning for multimodal tasks?
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