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In this supplementary material, we provide detailed illustration of the global-
focal block (Section , additional information on the datasets used in this work
(Section [2)), the different augmentations in student-teacher network (Section [3)),
more quantitative (Sectionld)), and qualitative (Section results. We also present
an analogy of the global-focal block with cellular pathways (Section @

1 Illustration of Global-Focal block

The global-focal block in the RadioTransformer architecture is detailed in Fig-
ure |1l The global and focal blocks are cascaded in parallel. The shifting window
for each block is shown with the window in red color. High contrast patterns
are learned by the focal blocks, shown in the orange box in Figure [1| and low
contrast patterns are learned by global blocks, shown in the blue box in Figure
The TWL connection averages the features between the intermediate global and
focal blocks.

2 Datasets

RSNA Pneumonia Detection challenge[I4], and Cell Pneumonial§] are pneu-
monia classification datasets consisting of radiographs with presence and ab-
sence of pneumonia. SIIM-FISABIO-RSNA COVID-19 Detection[d] dataset cat-
egorizes radiographs as negative for pneumonia, and typical, indeterminate,
or atypical for COVID-19. COVID-19 Radiography database[llTI2] comprises
chest radiographs with COVID-19, normal, lung opacity and viral pneumo-
nia classes. NIH Chest X-rays[I7] and VinBigData Chest X-ray Abnormalities
Detection[I1] datasets comprise 14 common thorax diseases. We further include
the more recent large-scale RSNA-MIDRC[I6/15)2] and TCIA-SBU COVID-19
datasets [I3l2] that contain only COVID-19 chest radiographs.

3 Augmentation

Figure[2]illustrates the various augmentations for different blocks of Radio Trans-
former. The images in the first and second rows are the inputs to the student
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Fig. 1. Illustration of Global-Focal Network. The Focal network (top row) learns
low-level representations with high-contrast images as input, as shown in the orange
box. The global network (bottom row) learns high-level representations with low-
contrast images as input, as shown in the violet box. The shifting windows, shown
as red boxes, are implemented with incremental shift size, shown as the traversing of
the red boxes diagonally. For the global network, there is a single shifting, and for the
focal network, there are three incremental shifting of the windows. Both the windows
shift from top-left to bottom-right. The number of Attention heads (H) and MLP heads
(MLP) for different global and focal blocks are also shown.

focal and global blocks, respectively. The images in the third and fourth rows
are the inputs to teacher focal and global blocks, respectively. As seen in the
images, the teacher network implements hard augmentations compared to the
student network. The focal block has a higher contrast value than the global
block. For stateless augmentations, we use tf.image.stateless_random_contrast(.),
tf.image.stateless_random_brightness(.), tf.image.stateless-

_random_hue(.), and tf.image.stateless_random_saturation(.). More details on the
augmentation parameters are provided in Supplementary table

Augmentation Contrast Brightness  Hue Saturation
Parameter lower upper max_delta max_delta lower upper

Teacher-Global 2.0 2.2 0.8 0.8 20 25
Teacher-Focal 2.8 3.0 0.8 0.8 20 25
Student-Global 0.5 1.0 0.5 0.5 1.5 20
Student-Focal 1.0 1.5 0.5 0.5 1.5 2.0

Table 1. Augmentation parameters.

4 Quantitative Analysis

In addition to the AUC and F1 scores provided in the main paper, here we show
the accuracy, precision, and recall values for classification tasks in the 8 datasets.
In Supplementary table [2] the performance metrics for pneumonia classification
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Fig. 2. Augmentations: The different augmentations to input images of student
global-focal, and teacher global-focal blocks are shown.

datasets such as Cell, and RSNA Pneumonia Challenge dataset, and COVID-
19 classification datasets such as SIIM-RSNA-FISABIO COVID-19 challenge,
and Radiography dataset are shown. In Supplementary table [3] we show the
performance metrics for 14 thoracic diseases classification tasks (in the NIH,
and VinBigData datasets), and the COVID-19 classification task (in MIDRC
and TCIA-SBU datasets).

5 Qualitative Analysis

We supplement our qualitative results (in Section 5.2 of the main paper) with
additional class activation maps for both the datasets i.e., RSNA, and Radiogra-
phy. In Figure 3] the RadT w/o (HVAT+VAL) and RadT class activation maps
are shown for Normal and Pneumonia cases. Similarly, in Figure [] the RadT
w/o (HVAT+VAL), and RadT class activation maps are shown for Normal and
COVID-19 cases. For both the datasets, the maps of RadT w/o (HVAT+VAL)
show discrete patterns, and those of RadT show comparatively continuous pat-
terns. In addition to all the previous discussions, we discuss another interesting
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Fig. 3. Qualitative Comparison on RSNA dataset: Comparison of class activa-
tion maps from RadioTransformer w/o (HVAT+VAL) and RadioTransformer.

finding. In the fourth row of Figure[3] we observe that apart from clear attention
on the white/fluid regions, there are some extraneous attention regions in the
shoulders. Again, this phenomenon is not observed in the fourth row of Figure [4
This is clearly explainable from the ablation study in the main paper. For the
RSNA dataset, the global block is showing better performance, hence the global
block is activated in this case. The global block focuses on high-level features and
in this case, it hypothesizes to identify features from non-relevant regions(like
shoulder, etc) in addition to the white/fluid regions in the lungs. Whereas in
the Radiography dataset, the focal block is activated and the attention regions
perfectly intersect with the white/fluid regions.

6 Analogy with cellular pathways

Parvo, Magno, and Konio cells are ganglion cells that transfer information gen-
erated by the photoreceptors in the retina to the visual cortex in the brain.
Structurally, Magno cells are larger, and have thick axons with more myelin
while Parvo cells are smaller, and have less myelin and thinner axons. Func-
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Fig. 4. Qualitative Comparison on Radiography dataset: Comparison of class
activation maps from RadioTransformer w/o (HVAT+VAL) and RadioTransformer.

tionally, the Magno cells have a large receptive field; they respond rapidly to
changing stimuli and detect robust/global details like luminance, motion, stere-
opsis, and depth. Parvo cells, on the other hand, have a smaller receptive field,
respond slowly to stimuli, and detect finer/local details like chromatic modula-
tion and the form of an object. The Global-Focal blocks in Radio Transformer

are inspired by these cellular pathways.
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