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A.1 Implementation Details

Following the same strategy of previous work, e.g. [5,1], both images of a patient are
utilized on IU-XRay and one image for MIMIC-CXR. In the training phase, images are
first resized to (256, 256) followed by a random cropping with the size of (224, 224)
before being fed into the model, while they are directly resized to (224, 224) during the
testing phase. We select the ResNet-101 [3] pretrained on ImageNet [2] as our visual
extractor both in the prototype initialization module and our main task. Specifically,
ResNet-101 produces patch features with 512 dimensions for each one in the main task.
In the prototype initialization module, ResNet-101 extracts global visual representation
with 2048 dimensions, and the global textual representation is obtain by a pretrained
BERT [7] with 768 dimensions.

We utilize a randomly initialized Transformer as the backbone for the encoder-
decoder module with 3 layers, 8 attention heads and 512 dimensions for the hidden
states. The cross-modal prototype querying and responding follow a multi-head paradigm
where each head has the same procedure as described in Section 3. The number of clus-
ters NP in equation (6) is set to 20. The pseudo label has 14 categories, hence the
cross-modal prototype matrix contain 14 × 20 = 280 vectors. γ is set to 15 which
means we only select the top 15 cross-modal prototype vectors to respond the single-
modal representations. The term θ in the improved multi-label contrastive loss are 1.5
and 1.75 for the IU-Xray and MIMIC-CXR datasets respectively.

We use Adam as the optimizer [4] to optimize XPRONET under the cross entropy
loss and our improved multi-label contrastive loss. λ and ϵ in equation (21) are 1 and
0.1. The learning rates are set to 1e− 3 and 2e− 3 for the visual extractor and encoder-
decoder on IU-Xray, while MIMIC-CXR has a smaller learning rate with 5e − 5 and
1e− 4 respectively. The learning rates are decayed by 0.8 per epoch and the bath sizes
are 16 for all the datasets. The same as most promising studies, we adopt a beam size of
three in the report generation to balance the effectiveness and efficiency. Note that the
optimal hyper-parameters are determined by estimating the models on the validation
sets. We implement our model via the PyTorch [6] deep learning framework.

A.2 More Example Visualizations

This section demonstrates more visualization results predicted by XPRONet.
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XPRONET: pa and lateral views of the chest provided . there is no focal
consolidation effusion or pneumothorax . the cardiomediastinal silhouette is normal .
imaged osseous structures are intact . no free air below the right hemidiaphragm is
seen .

GT: pa and lateral views of the chest provided demonstrate no focal consolidation
effusion or pneumothorax . the cardiomediastinal silhouette is normal . bony
structures are intact . there is no free air below the right hemidiaphragm . mild
degenerative change in the mid thoracic spine noted on the lateral projection .

XPRONET: as compared to the previous radiograph the patient has received a
nasogastric tube . the course of the tube is unremarkable the tip of the tube projects
over the middle parts of the stomach . there is no evidence of complications notably
no pneumothorax . otherwise the radiograph is unchanged .

GT: as compared to the previous radiograph the patient has received a nasogastric
tube . the course of the tube is unremarkable the tip of the tube projects over the
middle parts of the stomach the side port is at the level of the gastroesophageal
junction . the tube could be advanced by approximately 5 cm . no evidence of
complications . the radiograph is otherwise unchanged .

XPRONET: frontal and lateral views of the chest were obtained . dual-lead left-sided
pacemaker is again seen with leads extending to the expected positions of the right
atrium and right ventricle . the patient is status post median sternotomy and cabg . the
cardiac and mediastinal silhouettes are stable . there are bilateral pleural effusions
with overlying atelectasis underlying consolidation is not excluded . no
pneumothorax is seen .

GT: frontal and lateral views of the chest are obtained . dual lead of left-sided
pacemaker is again seen with leads extending to the expected positions of the right
atrium and right ventricle unchanged . patient is status post median sternotomy and
aortic valve replacement grossly stable . again seen is blunting of the left
costophrenic angle suggesting pleural effusion with overlying atelectasis . underlying
consolidation cannot be excluded . there is slight increase in opacity at the right lung
base which may be due to atelectasis although the appropriate clinical setting early
aspiration or pneumonia are not excluded .

XPRONET: as compared to the previous radiograph there is no relevant change .
the lung volumes remain low . moderate cardiomegaly with mild fluid overload but
no overt pulmonary edema . no pleural effusions . no pneumonia . no pneumothorax
.

GT: as compared to the previous radiograph there is no relevant change . low lung
volumes . moderate cardiomegaly with minimal fluid overload . no overt pulmonary
edema . no pleural effusions . no pneumonia .

XPRONET: the patient is status post median sternotomy and cabg . the cardiac
mediastinal and hilar contours are normal . the pulmonary vascularity is normal .
there are streaky opacities in the lung bases most likely reflective of atelectasis . no
focal consolidation pleural effusion or pneumothorax is visualized . there are no acute
osseous abnormalities .

GT: the patient is status post median sternotomy and cabg . the cardiac mediastinal
and hilar contours are normal . the pulmonary vascularity is normal . there are streaky
opacities in the lung bases most likely reflective of atelectasis . no focal consolidation
pleural effusion or pneumothorax is visualized . there are no acute osseous
abnormalities .

XPRONET: left-sided dual-chamber pacemaker device is noted with leads
terminating in the right atrium and right ventricle . heart size is normal . mediastinal
and hilar contours are unremarkable . pulmonary vasculature is not engorged . lungs
are clear without focal consolidation . no pleural effusion or pneumothorax is
present . there are no acute osseous abnormalities .

GT: left-sided dual-chamber pacemaker is noted with leads terminating in the right
atrium and right ventricle . the heart size is normal . the mediastinal and hilar
contours are unchanged with mild calcification of the thoracic aorta . the lungs are
clear . pulmonary vascularity is normal . no pleural effusion or pneumothorax is
visualized . there are no acute osseous abnormalities .

XPRONET: frontal and lateral views of the chest were obtained . there are relatively
low lung volumes which accentuate the bronchovascular markings . given this there is
mild bibasilar atelectasis . no definite focal consolidation is seen . there is no pleural
effusion or pneumothorax . the cardiac and mediastinal silhouettes are unremarkable .

GT: frontal and lateral views of the chest were obtained . there are relatively low lung
volumes . mild elevation of the right hemidiaphragm persists . there is persistent right
base atelectasis . no new focal consolidation is seen . there is no pleural effusion or
pneumothorax . the cardiac and mediastinal silhouettes are unremarkable .

XPRONET: pa and lateral views of the chest provided . lung volumes are low
limiting assessment . allowing for this there is no focal consolidation effusion or
pneumothorax . the cardiomediastinal silhouette is normal . imaged osseous
structures are intact . no free air below the right hemidiaphragm is seen .

GT: pa and lateral views of the chest provided . lung volumes are somewhat low .
allowing for this there is no focal consolidation effusion or pneumothorax . the
cardiomediastinal silhouette is normal . imaged osseous structures are intact . no free
air below the right hemidiaphragm is seen .

Fig. 1: The visulization of prediction results by XPRONET. GT is the abbreviation of the Ground
Truth.
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