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Background

Datasets like ImageNet are weakly labeled since images with multiple object classes present 
are assigned a single label. This ambiguity biases models towards a single prediction, which 
could result in the suppression of classes that tend to co-occur in the data. 
Softmax cross-entropy results in low multi-label performance since it promotes label 
exclusiveness. Replacing the softmax with sigmoid activations and casting the output as a 
set of binary classifiers results in better multi-label validation performance.



Methods

The interaction phase (teacher learning):
Parameters of the teacher 𝜃𝜏

𝑇 are initialized using the student parameters 𝜃𝜏
𝑆 at iteration τ . We train the 

teacher for 𝑘𝑡 learning steps on the labeled images from the dataset, obtaining 𝑓(. ; 𝜃𝜏+1
𝑇 ).

The imitation phase (student learning):
Train the student to fit the teacher model for 𝑘𝑆 steps, obtaining 𝑓(. ; 𝜃𝜏+1

𝑆 ). This is done by training the 
student on the pseudo labels generated by the teacher on the data. Then, instantiate a new teacher by 
duplicating the parameters of this new student and iterate the process until convergence.



Methods

In order to prevent the student from overfitting the teacher, we restrict the amount of training 
updates for each of the modules. 
Formally, let 𝑁 be the size of the dataset, 𝑘𝑡 be the number of training iterations of the teacher, and 
𝑘𝑠 the number of student iterations. In general, we set 𝑘𝑡 ≪ 𝑁 to prevent the teacher from 
overfitting one-hot labels and 𝑘𝑠 ≤ 𝑘𝑡 to prevent the student from overfitting the teacher. 



Experiments

Train a ResNet-18 and a ResNet-50 model.
compare three different methods.
(i) Softmax: standard softmax cross-entropy loss used to train the original ResNet
backbone.
(ii) Sigmoid: we substitute the cross-entropy loss for a binary cross-entropy (BCE) 
loss. 
(iii) MILe: the proposed method
Label coverage: indicates the total fraction of labels per sample predicted by the 
multi-label classifier.



Experiments

These results suggest that the iterated learning bottleneck acts as a regularizer that 
prevents the model from learning noisy labels which are more difficult to fit. 
Noise memorization happens later in the training procedure.



Experiments

Self-supervised Fine-tuning:

We explore whether iterated learning improves the performance of self-
supervised models in the fully- and semi-supervised fine-tuning regimes. 

Semi-supervised learning:

ImageNet top-1 accuracy for ResNet-50 (R50) distilled from a SimCLR model. 
2×: teacher has 2× parameters than the student.



Experiments

Ablation Study :

Lower thresholds bias the student towards producing 
multi-label outputs, even for low-confidence classes. 
Larger threshold values make the student tend 
towards single-labeled prediction, only predicting 
labels for which the confidence is high.

This is expected since a small 𝑘𝑡 would let the 
imitation phase constantly disrupt supervised 
learning via interaction with the data, while a 
large 𝑘𝑡 does not reap the benefits of distillation. 
For a given 𝑘𝑡 we find that the optimal 𝑘𝑠 lies in 
the mid-range and the other way around.



Experiments

The center digit has a probability of 0.6 to be chosen as the label for the whole grid.
For the results on multi-label MNIST. The first column displays the F1 score when the threshold for 
positive labels is set to 0.25 and the second column shows the F1 score for a threshold of 0.5.

Explore the limits of  MILe:

ReaL label recovery:

Secondary label recovery. Mean average precision over labels that appear in ReaL but not in 
the original ImageNet validation set.



Experiments

Comparison on CelebA multi-attribute classification. Just as in ReaL ImageNet validation, we use F1-
score (based on the intersection over union) measure to evaluate the methods.

Noise multi-label Dataset:
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