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Old ML Conventional Wisdom
• Good prediction balances bias and variance.

• You should not perfectly fit your training data as some in-
sample errors can reduce out-of-sample error.

• High capacity models don’t generalize.

• Optimizing to high precision harms generalization.

• Nonconvex optimization is hard in machine learning.

None of these are true.



Generalization in Machine Learning
Given: i.i.d. sample S = {z1,…,zn} from dist D

Goal: Find a good predictor function f

Minimize using SGD!unknown!

Empirical risk
(training error)

Population risk
(test error)

RS[f] = 1
n

n�

i=1
loss(f; zi)R[f] = Ezloss(f; z)

Generalization error: R[f] � RS[f]

How much empirical risk underestimates population risk

We can optimize RS… When is it a good proxy for R?



training 
error

generalization 
error

population 
risk

• small training error implies risk ≅ generalization error
• zero training error does not imply overfitting

R[f] = (R[f] � RS[f]) + RS[f]

error vs best in class

approximation error

irreducible error

R[f] = (R[f] � R[fH])

+ (R[fH] � R[f�])

+ R[f�]

Fundamental Theorem of Machine Learning





Deep  
models



n=50,000
d=3,072
k=10

CIFAR10

Model parameters p/n
Train 
loss

Test 
error

CudaConvNet 145,578 2.9 0 23%

CudaConvNet
(with regularization)

145,578 2.9 0.34 18%

MicroInception 1,649,402 33 0 14%

ResNet 2,401,440 48 0 13%

What happens when I turn off the regularizers?

Zhang, Bengio, Hardt, R., Vinyals, 2017



Machine Learning’s Open Dirty Secrets
Given: i.i.d. sample T = {z1,…,zn} and H = {z’1,…,z’m} from dist D

Goal: Find a good predictor function f

minimize RH[f]
subject to RT[f]  ✏

f 2 F
<latexit sha1_base64="W20lz1XOG6Z1vT62qJxW8iqxabk="></latexit>
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Minimize using SGD!
(training error)

RT[f] = 1
n

nX

i=1
loss(f; zi)

<latexit sha1_base64="11eHMTw9WQ2eosocDpoOs7f4M7E="></latexit>

Only look once!!!
(test/holdout error)

RH[f] = 1
m

mX

j=1
loss(f; z0j )

<latexit sha1_base64="wT1MqCz667WornwED+KmQZA7ujo="></latexit>

Myth Reality



Tiny Images Dataset
• 79,302,017 images

• 32x32x3

• 400GB

• 75,062 non-abstract nouns 
(WordNet)

• Collected by [Torralba, 
Fergus, Freeman’08]

• Collected via queries to 
image search engines



CIFAR10
• 10 classes: airplane, car, bird, cat, deer, dog, frog, horse, ship, truck.

• 32 x 32 color images

• Used to prototype models for imagenet.

• (It is not true that something that is good on one is good on the 
other.)



CIFAR-10 Creation Process
Detailed description in [Krizhevsky’09]:

1. Find relevant keywords for each class from WordNet
     (e.g., “tabby_cat”, “tabby”, “domestic_cat”, etc. for class “cat”)

2. Present candidate images from TinyImages to student labelers

3. CIFAR-10 researchers remove unsuitable images

4. Remove near-duplicates

5. Randomly split into class-balanced train and test sets





CIFAR-10 State of the Art
Year Model Test accuracy

2009 Raw pixels 37.3%

2009 RBM 64.8%

2011 Random features 79.6%

2012 AlexNet 88.5%

2014 VGG 92.8%

2015 ResNet 93.5%

2016 Wide ResNet 95.9%

2017 Shake Shake 97.1%

Deeeeep networks

Can match this
 with “shallow”
 learning.

Is this overfitting?



Building a New Test Set
CIFAR-10 is a subset of the Tiny Images dataset
• Collected by [Torralba, Fergus, Freeman’08]
• 80 million images
• Organized into 75,000 keywords (WordNet)
• Collected via queries to image search engines

Can we get an i.i.d. resampling?

Roelofs, Schmidt, Shankar, R. 2018



CIFAR 10.1 Creation Process

1. Determine keyword-level distribution  (top 25 keywords 
per class)

2. Select suitable images for each keyword from Tiny Images  
(“student” labeler)

3. Sub-select images for each keyword from Tiny Images  
(“researcher” labeler)

4. Select a random sample from the candidate images

5. Remove near-duplicates and repeat until convergence

Target size: 2,000 new images 
(➡ confidence intervals for accuracy ±1%) 

No classifier was evaluated on the data 
until the new test set was complete.



VGG16: 8% drop93.6% (original)  ➡  85.3% (new)
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VGG16:
Random Features:

8% drop
12% drop

Shake-Shake:

93.6% (original)  ➡  85.3% (new)
85.6% (original)  ➡  73.1% (new)
97.1% (original)  ➡  93.0% (new) 4% drop



Introduced in [Deng, Dong, Socher, Li, Li, Fei-Fei’09]
organized according to the “WordNet hierarchy”
1.2 million training images, 50k validation images
RGB color images with around 500 x 400 pixels
1,000 classes (about 150 dog breeds)

Can we get an i.i.d. resampling of imagenet too?

http://wordnet.princeton.edu/




1.0 0.7 0.20.5





Can we find more evidence of 
classification fragility?



ILSVRC Video
• Video dataset curated by ImageNet team in 2015

• Original designed as a detection/tracking task
• 4000 training videos (presented as 1M jpeg frames)
• 1314 validation videos (500k frames)
• 30 classes (correspond to 288 ImageNet classes)

• Plus-Minus-K frames metric
• Treat each video as a set of  “similar images” 
• Pick a frame index compute prediction at frame
• Now in a window of K frames from the frame look for a misclassified frame. 
• Note: for a 30 FPS video 10 frames is 0.3s

PM-K metric









Kaggle computes two scores, one for the private leaderboard and 
one for the public leaderboard

[Ben Hamner, Kaggle at MLConf SF, 2015]



Participant immediately 
sees score on public 

leaderboard

At the end, participant with 
the best score on the 
private leaderboard wins



Kaggle Competition Analysis
Currently analyzing competitions

no signs of overfitting here either.

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

MRI reconstruction Pose estimation Object detection

[Roelofs et al. ’21]
[Miller et al. ’21]

[Darestani, Chaudhari, Heckel ’21]



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

[Miller et al., ’20]

Similar trends in natural language processing.

Wikipedia New York Times Reddit Amazon reviews



Similar story in domain generalization



MNIST: the only data set that matters

Yadav and Bottou, 2019
arXiv:1905.10498v1



Do current robustness interventions 
achieve effective robustness?
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Only training on (a lot) more data gives a small amount of 
effective robustness.

JFT-300M 
pretrained

Instagram1B 
pretrained

ImageNet-21k 
pretrained

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



More Robustness on ImageNet

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]

Even more test sets



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 et al. ’19]
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Same trend: only more data gives effective 
robustness.
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[Barbu, Mayo, Alverio, Luo, Wang, 
Gutfreund, Tenenbaum, Katz ’19]

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



Why is this happening?

• Many hypotheses

• Ladder, Model-similarity, data robustness, dataset diversity, 
etc. etc.

• Great papers, you should read them!

• I’m not sure any of these answers are satisfying





+6%

+51%

+40%

+35%

+74%

Very large improvements in out-of-distribution robustness.



CLIP is not (explicitly) designed for robustness

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.





What we have always seen
• Interpolating your training data is fine.
• Training on your test set is fine.
• Making models huge doesn’t hurt.
• Making models huge doesn’t help much.

We have to reorient how we talk about ML before 
we figure out a better way forward.

• Diminishing returns means wasting resources.
• Distribution shift is real and dangerous.



Boosting on UCI Letter data set.
n=16,000
d=16
k=26

P. Bartlett, N(eur)IPS Tutorial, 1998



R. Bell and Y. Koren, CACM, 2009

Performance on Netflix Prize



Distribution Shift is Dangerous

Even in the absence of recognized confounders, we would caution, 
following Recht and colleagues, that “current accuracy numbers are 
brittle and susceptible to even minute natural variations in the data 

distribution”. 

Even in a carefully-controlled reproducibility experiment.



Distribution Shift is Dangerous
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Things you can do

Things I 
understand
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