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understand medical image and radiology report pairs i . E' d which |s.used n SO.TA ?bJeCt detection models.
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Problem Statement . and labels with text encoder ° Applying single transforms does improve model
o Return boxes with similarity greater than generallzab|l|t3./ . . . .
e Inputand Output: Chest x-ray image > labelled . threshold (t=0.5) * Genderlal tiXt queries paired with test images improve
. - . : model performance
bounding boxes containing pathologies presentin Experlments , P . ,
chest x-ray image e Using selective search to select regions for pathology
e We evaluate using mean Average Precision (mAP) Pathology Detection Zero-Shot vs. Fully Supervised detection improves performance over superpixel
segmentation
Datasets . Supervision Model mAP Score o Selective search optimizes for more features in the
Fully Supervised Iéf;ftg?n ? — g-ggi image, leading to better expressivity
-9INgIC-INO 1rain . . . [ .
. Zero-Shot CLIP-Multiple-No Train ~ 0.017 o Significant time cost
Low lung'volumes. BeSt CLIP 0.045 °
it opcicy . Conclusions + Future Work
s Batch Size
ootded e 2 050 | Wi anormes P e We are able to perform zero-shot object detection for
= inimatiesceng d o pathologies in chest x-ray images
| o e Key takeaway: zero-shot object detection can greatly
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getectlon (3,000R|m.ages)t 224 % 294, and 3 dat 0.010 ; o expensive labelled data for training
e Preprocessing: Resizing to X an ata .
aug?nentatioﬁ set ups Zgrandom crop, andom 0005 / e Ourresults are currently limited by the amount of
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patch Size and the use of a slow region proposal and object
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