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Motivation Multi-stream Network Experiments and Results
We propose a novel strategy to improve several performance baselines by Dataset: Table 3: Performance on D3 with pretrained networks using
leveraging multiple useful information sources relevant to doctors’ judgments. e DI [2]: COVID-19 CT segmentation dataset self transfer techniques [3] combined with our pipeline
i 0100 images from more than 40 COVID Method Accuracy F;  AUC
Infected regions and heat-map features extracted from learned networks are =] [~ patients with lung segmentation and "ResNets0 (Self-rrans, Global) 0841 0834 0911
integrated with the global image via an attention mechanism during the g labeled infected area DenseNet169 (Self-trans, Global) 0863 0852 0.949
learning process | e D2 [1]: COVID-19 CT Collection Eesge§g+0w 7./«(»:«4 0842 0.833 09;5
i f esNet50 + Our heat-map 0879 0.848 0.9
. . prregpe = , P ;136030. posrtl\//e Cﬁ?le mages ResNet50 + Our Fusion 0861 0870 0.927
— ‘2 | I— * D3 [3]: sample-Efficient COVID-19 CT SCANS o cNeiiqo + our Inecred 0853 0849 0948
P s O ( w B L o 349 positive and 397 negative COVID CT  DenseNet169 + Our heat-map 0870 0837 0.954
DenseNet169 + Our Fusion 0882 0853 0964
S
5 ‘ Table 2: Performance on D3 with pretrained networks Table 4: Performance on D3 with SOTA network
on ImageNet combined with our pipeline (saeedi-Net[4] and Decaps[5]) combined with our pipeline
Fig 2: Our proposed attention mechanism with given a specific backbone network: infected regions (top branch), global Method Accuracy F AUC
(@ (b) © image (middle branch), and learned heat-maps (bottom branch) Method Accuracy  Fy AUC = = e L =
. - . ResNet50 (ImgNet, Global) 0803 0.807 0.884 Saedi-Net 0901 (£0.05) 0951 (+0.03)
Fig 1: (a) Picture of COVID-19 cases. (b) Red and green labels indicating the Ground-Glass Opacity and DeoseNet 09 Imior, Gicbal) 0832 0809 0868 Saeedi-Net + Our w/o Semi 0926 (£0.03) 0960 (+0.03)
Pulmonary Consolidation regions. (c) The heat-mapregion extracted from the trained network Input images at the Global Branch are fed into Infected-Model which is derived after nselNe mgNet, Global) -0 . . Saeedi-Net + Our 0924 (£0.03)  0.967 (:0.03)
. L . . . . ResNet50 + Our Infected 0.831 0815 0.897 D ) 0.837 (£0.03)  0.927 (£0.02)
completing the training procedure in Algorithm 1, to produce infected regions. ResNetS0 + Our hear-map 0824 0832 0884 Decaps M+ Our wio Semi 083 0864 (£0.03) 0950 (£0.02)
Method ResNetS0 + Our Fusion 0843 0822 0919 Decaps M+ Our 0.868 (+0.03)  0.872(+0.03)  0.947 (0.02)
Heatmap regions from the global image extracted using Equation (1) and (2) are utilized as &:W:ﬂg;:g“'{"/flmd 8322 3532 33;; Decaps 0.876 (£0.01) 0871 (£0.02) 0961 (+0.01)
. ., . . . iseNet ur heat-map .80 .82 . Dy O v/o Semi. 0.885 (+0.01)  0.884 (+£0.02)  0.983 (+0.01)
Fusion with Multiple Knowledge an input to train on Heatmap Branch. DenseNet169 + Our Fusion 0875 0845 0927 Decam @1 0ur " 08961001 0889 (0.01) 0986 (£0.01)
Infected branch Heatmap branch Fusion Branch can be learned by merging all pooling layers from all branches. \(Inter retable Learned Features Conclusion
We extend the Semi Infected Net method = The heatmap H was extracted from B
. g _
from [1] to localize lung areas suffered by | the last convolution layer’s output Training Strategy e @ 3 .
Ground-Glass Opacity and  Pulmonar before  computing the global . o ) . ) G) G) . Experiments showed that
T pacity N Y pooling layer of the backbone. Due to limited amount of COVID-19 CT scans, it is not suitable to train entire branches Y% A leveraging all visual cues yields
Consolidation on our CT images simultaneously = Better to train each branch sequentially. i improved performances of SOTA
This output was normalized across k methods.
Algorithm 1: Training Semi-s ised Infected Net X - i ini i : B\ Pz )\
gorithm 1: Training Semi-supervised Infected Ne channels as described in Eq. 1, where Sequerm'al training method (Algorithm 2), where: o ‘ l’ v ‘ P
Input: g‘”'"f,)'éluwl')'g b;lg[hm:l:l::;zr;( :ﬂﬂsks and o fiis the activation unit e W:trainable parameters Performance of training methods NP N Our approach provides more
est = s. _ o i " : f P g isi
Output: Trained Infected Net model, M o k = 1644 (DenseNet169) e ] :input image of each branch Train the models with different training ? transparency of the decision
1 Set Dygin = D1; Dyeg = D2 U D3; Dyyiyest = NULL ® k =2048 (ResNet50) e g, h, in : global, heatmap, infected branch methods and different combination @@ - :“:E T process to end-users by visualizing
2 while len(Dies) > 0 do ) . ® Pooly: Pooling vector in Fusion branch by . H positions ) of gttentlon maps,
3 Train M The suspected regions B is the concatenating pooling vector of other e GHIF : train all branches together Fig 3: Interpreting learned features with the final layers of the thereby increasing the model's
N . 2 . . -F : i i fusion branch. Each point is presented together ith its original H ili i
: iffenf Dics > 100) then binarized mask of H with 7 is the branches : fr:lnﬁ‘l t(;?;'\r:e tshf)r;:sll'?;s ka)ia{\hc: ;aftni; s:aln,c\a;s activation rF:walp relprzrsentation. agdinf;cvtve‘d r;gior:lngleft |nter.preFab|I|ty in real-world
5 Daubiest = random (' Diest\ Dsubrest, k = 100) tuning parameter e I°] r to right order) applications.
6 hwain = Dirain U M (Dsueest) .
Diest = Diest\ D, - — e G-H-I-F : train each branch as a
7 hest = Diest\ Dsubeest “Algorithm 2: Training our proposed system sequence
s | else ) Tnput: Tnput image I, Label vector L, Threshold 7 References
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