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Scale is a key ingredient in current models

Can we predict scaling?

BUT: large-scale experiments are expensive

         + hyperparameter tuning is difficult (requires many experiments).







Overfitting and the Bias-Variance Trade-off

Underfitting Overfitting





The stipulation that the number of parameters must be less than the 
number of examples is typically believed to be true for common 
datasets. The results here indicate that this is not always the case.
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Increasingly large image 
classification architectures



Image classification architectures

CIFAR-10 # train: 50,000

Inception 1.6M

Alexnet 1.4M

MLP 1x512 1.2M

ImageNet # train: ~1,200,000

Inception V4 43M

Alexnet 61M

Resnet-{18;152} 12M; 60M

VGG-{11;19} 133M; 144M



MLP 1x512
p/n: 24

Alexnet Inception Wide Resnet
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Randomization Test

Deep Neural Networks easily fit 
random labels.



Random Label Dataset
Dog
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Cat
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···

Dog

Cat

Bus

Bird



arch: MLP
optim: SGD
batch: 128
lr: 0.01
momentum: 0.9
init: …

Randomization Test

arch: Alexnet
optim: SGD
batch: 128
lr: 0.01
momentum: 0.9
init: …

arch: Inception
optim: SGD
batch: 128
lr: 0.1
momentum: 0.9
init: …

dog flower

Data with 
original labels

bus dog

Data with 
random labels

https://www.tensorflow.org/
http://mxnet.io/

Recipes of
Successful 

Models
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Similar phenomena for boosting and bagging
Idea: combine many low-accuracy models into one high-accuracy model.





Generalization in deep learning
A lot of theoretical work in the past 8 years aims to explain empirical success of DL.


Some approaches:

• Implicit regularization by the learning algorithm

• “Benign overfitting” due to properties of the data generation method

• Simplified theoretical models (e.g., two layer networks)

• Neural tangent kernel (infinite width networks)

• Etc.

But: current mathematical theory is not precise enough to predict empirical phenomena.

What about an experiment-based approach to predict scaling?

→ Many interesting theoretical / mathematical ideas.





Empirical scaling behavior
Key question: Can we predict how well a neural network performs at larger scale 

                         based on experimentally measuring performance at smaller scale?

If so, we can design architectures and choose hyperparameters with 
small-scale experiments that are cheaper.

Need an assumption to relate performance across scale: power law.

ε(m) = αmβg

: generalization error


m: number of samples 

     in training set

ε : problem-specific   

    proportionality constant


: scaling exponent

α

βg





A note on noise conditions
Not all theoretical bounds have scaling exponents of 1 or 1/2 !



Machine translation



Word language modeling



Training set sizeFree parameter in power law



Character language modeling



Image classification



Speech recognition

























Cosine learning rate depends on training duration!

Early stopping a training run does not give the optimal performance for the shorter 
training duration → need to run a separate experiment for each training duration.







LLaMA:



Multimodal learning



[Deng, Dong, Socher, Li, Li, Fei-Fei’09]
[Russakovsky, Deng, Su, Krause, Satheesh, Ma, Huang, Karpathy, Khosla, Bernstein, Berg Fei-Fei’15] 51



ImageNet

Golden retriever

Great white shark

Minibus

Large image classification dataset: 1.2 mio training images, 1,000 image classes.
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11 teams 4 teams 6 teams 24 teams 32 teams 68 teams 84 teams 28 teams

Large improvement, new method Tremendous interest from the community



Image Classification (pre 2021)
• Training data with labels {(x, y)}


• For instance, x is an image of a digit and y is a 
class {0,…9}


• Use training set to learn a new model f which takes 
in an image and outputs one of the classes.


• At test time, see new images x’ and classify as f(x’).

2012 - 2021: Models larger, researchers trained for longer, training set sizes increased.

But: overall dataset-specific training paradigm stayed largely the same.

        (Each image classification problem requires its own independent dataset) 



One exception: ImageNet pre-training



Fine-tuning

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.



Analogy: pre-GPT-2 era in NLP





The GPT-2 paper (2019)

• Need new labeled data for each new problem

• Models are not robust under distribution shift

Two key problems:

Limitations of the pre-training / fine-tuning paradigm





Generalization
At least, the classifiers should perform similarly well on new data from the same source. 

Data source

83%

Data cleaning

82 - 84%

72%

11% drop (≈ 5 years)

???
Our experiment: sample a new ImageNet test set nearly i.i.d. 61



Overfitting

?
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Three Forms of Overfitting

2. Overfitting through test set re-use

Model Test Set

3. Distribution shift

Original Test Set New Test Set

1. Test error ≥ training error
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dHJJS(f)� dHJJS0(f) = dHJJS(f)� HJJD(f)

+ HJJD(f)� HJJD0(f)

+ HJJD0(f)� dHJJS0(f)

<latexit sha1_base64="/K80ItltG5N7qmz+QDxLg4xwMvc="></latexit>

Two Possible Causes

Original test accuracy (orig. test set S, new S’)

New test accuracy Overfitting through test set re-use

Generalization error (≈ 1%)

Distribution shift

≈ 11%

(S is drawn from D) 65
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Model Test Set

3. Distribution shift
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The best models on the original test set stay the best models on the new test set.

All models see a substantial drop in accuracy.
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11% drop

Best model

    (early 2019)No change (y = x)

Alexnet (2012)
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Later models see a smaller drop in accuracy.
AutoAugment vs. ResNet:    4.9% difference on CIFAR-10

AutoAugment vs. ResNet:  10.3% difference on CIFAR-10.1

No change (y = x)

68

Exact opposite!



Overfitting Is Surprisingly Absent
No overfitting despite 10 years of test set re-use on CIFAR-10 and ImageNet.

Kaggle: Meta-analysis of 120 ML competitions [Roelofs, Fridovich-Keil, Miller, Shankar, Hardt, Recht, Schmidt ’19]

Relative ordering preserved. Progress is real!

MNIST: similar conclusions in [Yadav, Bottou’19]

             no overfitting after 20+ years of MNIST

Our results unambiguously confirm the trends observed by Recht et al. [2018, 2019]: 
although the misclassification rates are slightly off, classifier ordering and model 
selection remain broadly reliable.
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ImageNet Creation Process

1. Find relevant search keywords for each class from WordNet 
(e.g., “goldfish”, “Carassius auratus” for wnid “n01443537”)


2. Search for images on Flickr


3. Show images to MTurk workers


4. Sample a class-balanced dataset

Detailed description in [Deng, Dong, Socher, Li, Li, Fei-Fei’09]:

We replicated this process as closely as possible.

Likely source of 
   distribution shift

+
+
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Data Cleaning With MTurk

72

Instructions: Select all 

  images containing a bow.



Data Cleaning With MTurk

…

Worker 1 Worker 10Worker 2

Main quantity: selection frequency  =  Number of workers who selected image i
Number of workers who saw image i

: 1.0 : 1.0 : 0.67 : 0.33 : 0.0
73



Sampling Strategy for a New Test Set
Input: Selection frequencies from MTurk

           (= fraction of workers selecting the image)


Output: representative & correct subset

Our approach: 
        1. Bin the existing validation images

            by selection frequency.


ImageNet Validation

0 0.2 0.4 0.6 0.8 1.0

2. Sample images from our candidate pool to

    match the selection frequency distribution.

New test set 
ImageNet Validation



Three New Test Sets

Test Set Average MTurk 
Selection Frequency

Average Top-1 
Accuracy Change

ApproxCalibrated 0.73 - 12%

Easier 0.85 - 3%

Easiest 0.93 + 2%

ApproxCalibrated: Selection frequencies comparable to the original test set (0.71).

Easier: Different sampling strategy, higher selection frequencies.

Easiest: Highest selection frequencies in our candidate pool.

Selection frequencies have large impact on classification accuracies.
75

All correctly 
    labeled!



Relative ordering is stable, absolute accuracies are brittle.



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



Many different types of robustness

Adversarial examples

Image corruptions

Dataset shift Geometric

transformations

Video perturbations

How do these fit together? 

Are we making progress 
towards broadly robust 

models?





Our approach: evaluate everything
Models:

• “Standard” models (focus on ImgNet acc.)

• Robust models (adversarially robust 

models, models with special data 
augmentation, etc.)


• Models trained on more data
Distribution shifts

• ImageNet-V2

• ObjectNet

• ImageNet-R

• ImageNet-Sketch

• ImageNet-A

• ImageNetVid-Robust

• Adversarial attacks (Lp-norms)

• Image corruptions

• …

20
0+

 m
od

el
s

200+ distribution shifts

1 cell = 1 model evaluation on 1 dataset

       (total 109 image evaluations).



Quantifying Robustness

In-distribution 
(Source) Accuracy

Out-of-distribution 
(Target) Accuracy

Model A 80% 75%

Model B 90% 77%

Often in-distribution (“standard”) accuracy acts as a confounder.



Quantifying Robustness

In-distribution 
(Source) Accuracy

Out-of-distribution 
(Target) Accuracy Accuracy Drop

Model A 80% 75% 5%

Model B 90% 77% 13%

How do we compare models with different in-distribution accuracy?

Often in-distribution (“standard”) accuracy acts as a confounder.
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VGG, ResNet, DenseNet,

ResNeXt, Inception, NASNet, etc.

[Taori, Dave, Shankar, Carlini, Recht, Schmidt ’20]
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Do current robustness interventions achieve effective robustness?
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[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]


