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Semi-supervised learning is an approach to machine learning that 

combines a small amount of labeled data with a large amount of 

unlabeled data during training

In order to make any use of unlabeled data, some relationship to the 

underlying distribution of data must exist. Semi-supervised learning 

algorithms make use of at least one of the following assumptions:

1. Smoothness Assumption - Points close to each other share 

same label

2. Low Density Assumption - The decision boundary of classifier 

should pass through low density region in input space

3. Manifold Assumption - The high dimensional data roughly lie 

on a low dimensional manifold.
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Taxonomy of SSL methods:

Reference: https://link.springer.com/content/pdf/10.1007/s10994-019-05855-6.pdf

https://link.springer.com/content/pdf/10.1007/s10994-019-05855-6.pdf
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Perturbation based SSL methods: The smoothness assumption 

entails that a predictive model should be robust to local perturbations 

in its input. This means that, when we perturb a data point with a 

small amount of noise, the predictions for the noisy and the clean 

inputs should be similar

Popular Examples of Perturbation based SSL methods:

1. Ladder Networks

2. Temporal Ensembling and Pi Model

3. Mean Teacher
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Reference: https://arxiv.org/pdf/1507.02672v2.pdf

https://arxiv.org/pdf/1507.02672v2.pdf
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Reference: https://arxiv.org/pdf/1610.02242v3.pdf

https://arxiv.org/pdf/1610.02242v3.pdf
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Reference: https://arxiv.org/pdf/1703.01780v6.pdf

https://arxiv.org/pdf/1703.01780v6.pdf
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NIH ChestXray Dataset:

Reference: https://www.kaggle.com/nih-chest-xrays/data

https://www.kaggle.com/nih-chest-xrays/data
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Dataset overview:

1. A total of 112,120 frontal-view X-ray images of shape 1024x1024 

2. Data Split → Training = 78468, Validation = 11219, Test = 22433

Training Data → 7000 labelled, 71468 unlabelled

1. Each label is a multi-class label i.e. each X-ray image can have 

multiple diseases.

Dataset pre-processing:

1. Each batch from the training set is of size 16, with 4 labelled 

examples in it. 

2. Transformations like changing the brightness, contrast, 

RandomAffine is applied on the datapoints.
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Base Model used for student and teacher model:

Pre-trained DenseNet121 with a output of sigmoid classifier of 14 

labels. 

Losses:

Supervised loss = Classification cost (Binary Cross Entropy)

Unsupervised loss = consistency cost between student and 

teacher model (MSE loss)
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Algorithm:

1. For a batch in training set, do 

2. student_logits = student_model(input1)

teacher_logits = teacher_model(input2)

…input1 and input2 are same inputs with random 

transformations

1. consistency cost = ||stu_logits - tea_logits||2

classification cost = ||true_label - stu_logits||2

Total cost = classification cost + λ*consistency loss

…  λ = consistency weight

1. Calculate gradients and update parameters of the student 

model using SGD optimizer

2. Update teacher model weights as

3. Repeat 1 to 5 for num_epochs
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Metric used for evaluating performance of the model:

AUC-ROC curve → area under the curve of TPR vs FPR

The area under the ROC curve (AUC) results were 

considered:

1. excellent for AUC values between 0.9-1

2. good for AUC values between 0.8-0.9

3. fair for AUC values between 0.7-0.8

4. poor for AUC values between 0.6-0.7

5. failed for AUC values between 0.5-0.6
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Results:
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Future Work:

1. Tuning the hyper-parameters like learning rate, LR 

scheduler, weight decay in SGD optimizer, consistency 

weight regulator, etc

2. Adding self-consistency loss i.e. for two different 

transformations of same input, student model by itself 

should be self-consistent.
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