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Which diagnostic test to select? Which biomarkers to measure?
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Results: MAVIS learns to select better selection rules

Random Min Entropy Min ESM Dist —— Expert Order Max Entropy Max ESM Dist —— MAVIS
— T3
—— 5 - \ /\, V _ \

/ 1 o

high cost

)
—

o
U
o

M M
action tokens
S]o

@)
g ®)

modality i

o

8
o
IN
n

H&E for H&E 1mages

certainty
o
D
o

o
w

spatial proteomics

o o
EaN )]
«— Uncertainty
o
N

Accuracy —
Accuracy —

o
N

5 10 | | 5 10 | | 5 10 | T 5 10
# Selected Views # Selected Views # Selected Views # Selected Views

modality j
Y
MAVIS

for multiplex 1images

P
U

MAVIS progressively

T
OV
(@)

: . / _ _ Over 15 marker acquisitions,
Aim: learn the best selection rule " for any patient starting MAVIS achioves faster

from any view ¢ uncertainty reduction and
higher accuracy gains,

B
o

learns better selection

N
92

Episode Reward

rules while learning when

w
o
1
N
o

Episode Length

to switch to multiplex imaging
over H&E.

N
(92
1
=
92

N
(@)
1

Challenges: inferring the optimal selection rule is Q(QM) |
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optimal selection rules different for every patient

expert orders.
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MAVIS achieves accuracy on par with SP, transitioning only
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