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Question: Where is the pleural effusion more prominent? Question: Before now, lung opacity showed [1,0,0, 1, 1, 1, 1]. (Note: 0

indicates absence, and 1 indicates presence.) Lesion behavior from past to
Answer: Right side. CT. How does lung opacity appear now compared to its sequence history?
Ground-truth: Right side.

A. Refractory Lesion (Persistent or recurrent, now present)
B. Resolved Lesion (Previously present or recurrent, now absent)
C. New Lesion (Absent previously, now present)

Question: Is there at least one cysts in the kidney?
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round-truth: Yes
Question: What is the mean HU value of the pancreas? Answer: A. Refractory Lesion (Persistent or
A:13.6B:16.7C:15.2D:9.9 recurrent, now present)
Answer: A: 13.6 Ground-truth: A. Refractory Lesion
Ground-truth: A: 13.6 (Persistent or recurrent, now present)
Figure 3. Question-dependent retained regions align with clinical targets such as pleural
i i i i i . . . . . effusion, kidney cysts, pancreas, and lung opacity.
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tokens are central. those instruction tokens. value visual tokens. improves during training.

® Surrogate Gradient Propagation (SGP) makes discrete token dropping trainable. The first author is currently seeking a PhD position for

. . . . . . ) ) ) ) ) ) ) Fall 2027. Any opportunities would be appreciated!
o Tralnlng and inference are both accelerated while preserving clinical grou ndlng. ITS decides what to keep for this question; SGP makes that hard selection trainable instead of inference-only.




