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The “standard” story in statistics & ML
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Statistics and machine learning

Data Great model



The big picture
• Excited about the full pipeline of statistical machine learning
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Collecting data:

• Choosing population

• Get datapoints

• Labeling them

• Cleaning data

Releasing your model:

• Calibrating predictions 

• Identifying failures

• New populations 

• Retraining



Motivation
Dave Donoho, “50 Years of Data Science”

It is no exaggeration to say that the combination of a Predictive 
Modeling culture together with Common Task Framework is the 

‘secret sauce’ of machine learning

Common Task Framework:
1. A publicly available training dataset 
2. A set of enrolled competitors whose common task is to infer a 

class prediction rule from the training data 
3. A scoring referee to which competitors submit their prediction 

rule(s)



ImageNet
The (probably) currently preferred image classification benchmark
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XInput data

Goal: assign label Y to 
this image 

(In this case, Y = 
Golden Retriever)

[Deng et al., “ImageNet: A large-scale hierarchical image database” CVPR 2009]

Dataset description: For each of 1000 image categories (e.g. 
cherry, bow and arrow, golden retriever, dachshund) there are 

1000 representative images



ImageNet Progress

[paperswithcode.com]

Little exaggeration to say deep learning descends from ImageNet

http://paperswithcode.com


Supervised Learning
The construction of ImageNet isn’t really what we teach
• Usual machine learning story
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Y

“Dog”
“Golden Retriever Puppy”

“Cat”

Machine learning pipeline:
Output a model
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(magical fitting…)



ImageNet construction

WordNet hierarchy

[Deng et al., “ImageNet: A large-scale hierarchical image database” CVPR 2009]



ImageNet construction

Select all the images that contain a bicycle

[Deng et al., “ImageNet: A large-scale hierarchical image database” CVPR 2009]



ImageNet construction
Select all the images that contain a bicycle

Bicycle object class:
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� 70%

Repeat for each of 1000 classes

What this is:
Ingenious, clever, surprisingly effective

What this is not:
Noisy labels    given<latexit sha1_base64="YAZkNd65XW2zl+QlOP/U0wSQrD8="></latexit>
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[Deng et al., “ImageNet: A large-scale hierarchical image database” CVPR 2009]



How much does data construction matter?
Even when we’re careful, things get weird

[Recht, Roelofs, Schmidt, Shankar, “Does ImageNet generalize to ImageNet?”, ICML 2019]

are an effective way to improve image classification models. Adaptivity is therefore an unlikely
explanation for the accuracy drops.

Instead, we propose an alternative explanation based on the relative difficulty of the original and
new test sets. We demonstrate that it is possible to recover the original ImageNet accuracies almost
exactly if we only include the easiest images from our candidate pool. This suggests that the accuracy
scores of even the best image classifiers are still highly sensitive to minutiae of the data cleaning
process. This brittleness puts claims about human-level performance into context [20, 31, 48]. It
also shows that current classifiers still do not generalize reliably even in the benign environment of a
carefully controlled reproducibility experiment.

Figure 1 shows the main result of our experiment. Before we describe our methodology in Section 3,
the next section provides relevant background. To enable future research, we release both our new
test sets and the corresponding code.1
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Figure 1: Model accuracy on the original test sets vs. our new test sets. Each data point corresponds
to one model in our testbed (shown with 95% Clopper-Pearson confidence intervals). The plots
reveal two main phenomena: (i) There is a significant drop in accuracy from the original to the new
test sets. (ii) The model accuracies closely follow a linear function with slope greater than 1 (1.7
for CIFAR-10 and 1.1 for ImageNet). This means that every percentage point of progress on the
original test set translates into more than one percentage point on the new test set. The two plots
are drawn so that their aspect ratio is the same, i.e., the slopes of the lines are visually comparable.
The red shaded region is a 95% confidence region for the linear fit from 100,000 bootstrap samples.

2 Potential Causes of Accuracy Drops

We adopt the standard classification setup and posit the existence of a “true” underlying data
distribution D over labeled examples (x, y). The overall goal in classification is to find a model f̂

1https://github.com/modestyachts/CIFAR-10.1 and https://github.com/modestyachts/ImageNetV2

2

Also, methods are quite 
overconfident in predictions 
(e.g., predict classes with 

90+% certainty)



Remainder of this talk
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Collecting data:

• Choosing population

• Get datapoints

• Labeling them

• Cleaning data

Releasing your model:

• Calibrating predictions 

• Identifying failures

• New populations 

• Retraining

A very stylized model of 
part of this process

Steps: 
1.Propose a model 
2.Analyze the model 
3. It makes some predictions: test them!



The model
• Binary classification with m labelers

• Symmetric link function
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Y 2 {�1, 1}, X 2 Rd
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• Data in tuples (n total tuples)
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• Covariate vectors
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The model (continued)
• Margin-based loss    satisfying
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• E.g. logistic regression



The two estimators
• Use all the labels • Use majority vote
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(Log likelihood for multiple labels)
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Main quantities of interest:

• Calibration error

• Classification error                     where                     is unit
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Convergence of the MLE
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Under the well-specified model, we have asymptotic normality

<latexit sha1_base64="WXCGKu3+Ar0+RC+flHmapInsQ8g="></latexit>p
n
⇣
b✓n � ✓?

⌘
d!N

⇣
0,

1

m
r2L(✓?)�1 Cov( ˙̀✓?)r2L(✓?)�1

⌘

<latexit sha1_base64="vqcZ0goGAEy/UacT6iT91g7Kr2U="></latexit>p
n (bun � u?)

d!N
⇣
0,

1

mk✓?k22
(I � u?u?>)

⌘and

<latexit sha1_base64="jsRokBHbhwxzfByJGRup9/ptMTE="></latexit>

L(✓) = E[`(Y X>✓)]



Convergence of majority vote
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Robustness of majority vote
Theorem:

and asymptotic normality (for fixed     )
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• Majority vote is (unfixably) uncalibrated and overconfident


• More robust (doesn’t matter if the link is correct)


• Less efficient when the link is correct

Take home messages:



Extensions: semiparametric estimates
• Corrected estimator: fit the model, refit the link, refit the model

Theorem: Under appropriate conditions,
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Experimental results
If our model is reasonable, it should make real predictions
• BlueBirds: Indigo Bunting versus Blue Grosbeak [Welinder, Branson, Perona, Belongie 10]

• CIFAR-10H: soft labels of CIFAR-10 test set [Peterson, Battleday, Griffiths, Russakovsky 19]



Experimental results: bluebirds
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Figure 2. Experiments on BlueBirds dataset with (a) classification error and (b) calibration error with

ResNet features when d = 25. The classification error is the 0-1 error compared to true labels. The calibration

error is measured by |logit(p̃i)� logit(p̂i)| where p̃i is the predicted probability and p̂i is the empirical probability.

The errors are measured by ten-fold cross-validation. For each fixed m, we create m labels for each image by

subsampling and average over 100 trials. The error bars show 95% confidence bands.
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Figure 3. Experiments on CIFAR-10H dataset with (a) classification error and (b) calibration error with

ResNet features when d = 40. The classification error is the 0-1 error compared to true labels. The calibration

error is measured by |logit(p̃i)� logit(p̂i)| where p̃i is the predicted probability and p̂i is the empirical probability.

The errors are measured by ten-fold cross-validation. For each fixed m, we create m labels for each image by

subsampling and average over 100 trials. The error bars show 95% confidence bands.

of the target among the 50 labels of image i. For p 2 [ 12 , 1], we then define the subsets

Sp = {i : max {p̂i, 1 � p̂i}  p} ,

so that p = 1
2 corresponds to images with substantial confusion, and p = 1 to all images (most of which

are easy). In particular, we test on S0.9 with 441 images. For image i, we again generate features xi 2 Rd

by by taking the last layer of a pretrained ResNet50 neural network x̃i 2 RD, using PCA to reduceh
x̃1 · · · x̃n
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Experimental results: CIFAR-10H
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The errors are measured by ten-fold cross-validation. For each fixed m, we create m labels for each image by

subsampling and average over 100 trials. The error bars show 95% confidence bands.
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Figure 3. Experiments on CIFAR-10H dataset with (a) classification error and (b) calibration error with

ResNet features when d = 40. The classification error is the 0-1 error compared to true labels. The calibration

error is measured by |logit(p̃i)� logit(p̂i)| where p̃i is the predicted probability and p̂i is the empirical probability.

The errors are measured by ten-fold cross-validation. For each fixed m, we create m labels for each image by

subsampling and average over 100 trials. The error bars show 95% confidence bands.

of the target among the 50 labels of image i. For p 2 [ 12 , 1], we then define the subsets

Sp = {i : max {p̂i, 1 � p̂i}  p} ,

so that p = 1
2 corresponds to images with substantial confusion, and p = 1 to all images (most of which

are easy). In particular, we test on S0.9 with 441 images. For image i, we again generate features xi 2 Rd

by by taking the last layer of a pretrained ResNet50 neural network x̃i 2 RD, using PCA to reduceh
x̃1 · · · x̃n

i>
2 Rn⇥D to

h
x1 · · · xn

i>
2 Rn⇥d. To create labels of different number of labelers m, for
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Conclusions and next steps

• Interesting to think about dataset construction: a place for statistics to lay 
down some intellectual foundations


• Would obtaining data with (human) perceptual uncertainty help build better 
prediction methods?


• Currently limited datasets like those above: develop datasets to drive 
progress we want to see


• Fun to make (theoretical) predictions that can be wrong


