
Distill-to-Label: Weakly Supervised Instance 
Labeling Using Knowledge Distillation

Jay Thiagarajan
Lawrence Livermore National Labs

Satyananda Kashyap, Alexandros Karagyris
IBM Research AI

ICMLA 2019



AI Technologies are Expected to Produce Transformational 
Impact in Healthcare



Though AI is Integral to Clinical Diagnosis/Management 
Systems, There Are Crucial Gaps!

§ All the machine knows is the data we feed – biases, domain shifts

§ Machine might develop expertise at a narrow task compared to what
was intended.

§ The so-called intelligence that is developed is not “organic” – It does
not automatically form an understanding of rules in the world.

§ How do we know the machine is making the right decisions for the
right reasons?

Explicitly Teaching Machines What to Do is Not Scalable and Many 
Times Problematic



Self-Supervision: Teaching Computers to Teach 
Themselves is a Shortcut

§ Teaching machines is cumbersome and tiring.

§ Producing data for each new task is expensive.

§ Producing data for each real-world variation of a task is not possible.

Need for Learning Formalisms that Go
Beyond Supervised Learning



Problem: Diagnosis with Histopathology Images

Too expensive to collect labels 
at the cell level 

§ Automatic detection of cancerous regions in hematoxylin and eosin
(H&E) stained whole-slide images.

§ Supervised learning formulation – Pixel-level annotations are used to
train models that produce dense predictions for each image.



A Natural Solution is to Build Predictive Systems That 
Only Require Weak Labels

§ Use only image-level diagnostic labels (e.g. malignant/benign) to design
a pixel-level label prediction system – Interpretable.

§ Popularly known as Weakly Supervised Image Segmentation in the
vision literature.

§ Filters in trained CNNs can be viewed as object detectors

Zhou et al., CVPR 2018



These Methods Do Not Generalize Well to Clinical Data

§ Factors leading to diagnosis are not well-localized – Co-occurrence of
seemingly unrelated patterns in different parts of the image.

§ Dataset sizes are small.

§ Proposed Solution: Distilling knowledge from a diagnostic label
predictor to design a dense pixel-level predictor.

Surprisingly, the model picks up patterns from data that are 
indicative of more complex interactions.



We Utilize a Generic Architecture That Supports Both 
Coarse- and Fine-Grained Predictions

§ Each image is treated as a bag of instances – Each instance corresponds
to a local image patch.

§ We adopt a multiple-instance learning formulation for making image-
level predictions.

§ Patch-level predictions will be made by viewing each patch as a bag
with a single instance.

Image
Label

Patch
Label



Multiple-Instance Learning Based on Convolutional 
Neural Networks

§ MIL requires prediction functions that are
invariant to the ordering of instances:

§ A “trainable” aggregation function on latent
features from a CNN (Ilse et al., ICML 2018):



We Propose to Perform Virtual Adversarial Training to 
Improve Robustness of Attention-Based MIL

§ Avoids overfitting when the number of bags is small (or) the number of
instances in each bag is low.

§ Consistency-enforcing regularization terms:

§ Produce consistent predictions even when uncorrelated noise
instances are included.

§ Produce consistent predictions when each instance in a bag is
perturbed around its norm-ball neighborhood.

§ Conditional entropy of predictions must be low even when a
random subset of instances are arbitrarily excluded from a bag.



Virtual Adversarial Training to Improve Robustness of 
Attention-Based MIL
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Effect of VAT on Prediction Performance

§ Data: Each bag contains a random set MNIST images. The number of
instances is Gaussian-distributed with mean K and variance 5.

§ Labels: A bag is “positive” if it contains one or more images of digit 9.

§ Architecture: LeNet architecture with a single attention layer.

§ We vary the number of bags n and the mean bag size K.

§ AUC of ROC evaluated using 1000 test bags.



Effect of VAT on Prediction Performance



Distill-to-Label: Going from Diagnostic Labels to Dense 
Predictions 

?



Distillation Enables Knowledge Transfer via Uncertainties 
in Prediction

§ Conventionally used to achieve model compression by enabling a
“weak” student model to match a “strong” teacher model.

§ Recent results have evidenced the value of distillation even with
“stronger” student models by improving classification performance.

§ Noisy student training achieves SOTA on imagenet (Xie et al., 2019).

§ We propose to use distillation to design an instance classifier (student)
from the bag classifier (teacher).



Distill-to-Label: Going from Diagnostic Labels to Dense 
Predictions 
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Experiment Setup

§ Colon Cancer Dataset:

§ Data: 100 H&E images (500 x 500) of colorectal cancer.

§ Labels: detecting epithelial cell nucleus.

§ Instance Generation: Image patches of size 27 x 27. Every patch
containing an epithelial cell marked as “positive”.

§ Breast Cancer Dataset:

§ Data: 58 H&E images (896 x 768).

§ Labels: detecting malignant cancer cells.

§ Instance Generation: Image patches of size 32 x 32. Every patch
containing a malignant cell marked as “positive”.



Results – Colon Cancer Dataset



Results – Breast Cancer Dataset



In Summary…

§ Self-supervised learning can be an effective way to better utilize even
weakly supervised data.

§ Knowledge distillation with MIL works, even when there is a
significant domain shift!

§ Implicit regularization can lead to robust models

§ We explored the use of virtual adversarial training

§ Other alternatives: Noise (dropout, stochastic depth), manifold
mixup etc.

§ Highly suitable for small-data application domains such as healthcare.



Questions?

Contact: jjayaram@llnl.gov


