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Neural Architecture Search
Aim -> To search for the optimal architecture and weights
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Differential Architecture Search (DARTS)
How is it better?
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Partially Connected - Differential Architecture Search (PC-DARTS)

How is it better than DARTS?



Learning By Teaching (LBT)



Learning By Teaching (LBT)
Aim -> To search for the optimal architecture and weights of the Teacher using the Student.
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Math behind it…
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Related Work
Custom Architectures: Most related work concentrates on designing custom CNN architectures that are 12 - 
18 layer deep and are 10-20 times larger in size as compared to our method. Siddiqui et al, etc.


Pre-trained Models:  Others Kermany et al, Stephen et al, Chouhan et al [ ] [ ]  have fine tuned pre-trained 
models like InceptionV3, VGG 19, DenseNet121, AlexNet to detect pneumonia instances from normal 
instances. Das et al. [37] proposed a truncated Inception net for COVID-19 outbreak screening from chest X-
rays. Some have reported high performance using ensemble based methods like Sirazitdinov et al. [28] who 
have used an ensemble approach which integrates RetinaNet and Mask R-CNN for pneumonia localization. 
The model size is still magnitudes larger than our method. 


Preprocessing Methods: A variety of feature extraction techniques have been employed. For eg, Cha et al 
have used pretrained models as feature extractors and an attention based mechanism to select the features. 
Gu et al have used lung segmentation methods that extract that lung region using fully connected neural 
networks.


Other Methods: Mukherjee et al. [38] developed a unified deep neural network which leverages CT scans and 
chest X-rays simultaneously to detect COVID-19. Santosh and Antani [35] proposed to leverage lung region 
symmetry features for automated screening of pulmonary abnormalities from chest X-rays. Santosh et al. [36] 
perform edge map analysis of chest X-rays to automatically screen pulmonary abnormality.

https://www.mdpi.com/2076-3417/11/3/1242
https://dl.acm.org/doi/10.1145/3195588.3195597


Dataset
5834 chest X-ray images were procured from pediatric patients aged one to five years from Guangzhou 
Women and Children’s Medical Center. 

Normal

Pneumonia

Train Test Val

Normal 1341 184 58

Pneumonia 3874 340 58
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Results



Column (a) shows original CXR images with pneumonia. Column (b) shows Grad-CAM visualization of saliency maps of LBT-PCDARTS. Column (c) shows the overlay of saliency 
maps on original images. 



Ablation Studies
Ablation setting 1: the teacher updates its 
architecture by minimizing the validation loss of 
the student only, without considering the 
validation loss of itself. Accuracy: 92.85%


Ablation setting 2: in the second stage of 
LBT, only the pseudo labeled dataset is used to 
train the student. The training data of the 
student, labeled by humans, is not used. 
Accuracy: 93.75%


Ablation setting 3: We investigate how the 
teacher’s validation performance changes with 
the tradeoff parameter λ. 


Ablation setting 4: We investigate how 
the teacher’s validation performance changes 
with the tradeoff parameter γ. 



Thank you! Any questions?


