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Visualization Results

» We generate image-to-text and text-to-image alignmentpzs Eye-gaze Guided Fine_grained Alignmeﬂt

weight matrices W!2T and W 2! using matrices G Sy, x,

and x;*F, as shown below:

« We utilize eye-gaze-guided fine-grained alignment in our model to enhance the interaction

W2T = norm(w(x£?°)+ GS), WT?! = norm(w(xi*") + between patch and sentence features. Based on local patch and sentence features, we 7 e el I TNE s Zhey | Tia g aoielom @R | aof o o g’“
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similarity matrices, we generate a gaze-guided label matrix G L; and optimize it through P . R Pt @

* Here, norm denotes normalization, and w applies sparse and
binarization operations. Using the weight matrices, we map
text features Sy to image features Cross_Py* and vice versa:

multi-label cross-entropy (MLCE) loss. The fine-grained features are calculated as: o Atelectasis © Cardiomegaly ® Consolidation ® Edema ® Pleural Effusion
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=1 i=1 » These fine-grained features are used to enhance the alignment between image and text,

ensuring that relevant information at the local level is properly captured. Finally, the total
Eye-Gaze Fine-grained (EGF) alignment loss is calculated as:

heart size borderline enlarged

 Finally, these mapped features and their corresponding target
features are used to compute the alignment contrastive loss:
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