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3. In addition, we incorporate an episodic reward at the end of T -step sequence selection as cT =
ω(2I((h → F )({VωT (1), ..., VωT (T )})} = y) ↑ 1), which reinforces the overall objective and rewards
(penalizes) the selected sequence εT if the final observation has a correct (wrong) prediction, where
ω is large. The combination of instantaneous rewards optimize for both: (i) immediate diagnostic
improvement by prioritizing the most informative view at each step, and (ii) maximizing overall
classification accuracy by learning an acquisition strategy that leads to the most reliable diagnosis.

3.2 MAVIS FOR MULTI-MODALITY VIEW SELECTION

While MAVIS for uni-modal view selection can be trained using fixed-length episodes as outlined
in Section 3.1, multi-modal view selection introduces an additional challenge: The agent must learn
not only which views to acquire within a modality but also when to transition from one modality
to another. This requires jointly optimizing the number of views selected per modality and the
optimal switching point between modalities to balance diagnostic accuracy and acquisition cost. In
this section, we extend MAVIS to multi-modal view selection, focusing on two modalities: m1, m2,
with V1 = {V1,1, . . . , V1,n1} and V2 = {V2,1, . . . , V2,n2}, and the corresponding FMs as F1, F2

and classifiers as h1, h2. However, the framework is naturally scalable to an arbitrary number of
modalities (n) making it adaptable to more complex diagnostic pipelines where decisions must be
made across multiple complementary measurement techniques.
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Figure 2: Overview of MAVIS’s multi-modality
view selection mechanism. Foundation models
process H&E and multiplex images separately,
with the policy network determining optimal test
sequences and a reward function guiding the
learning process.

In general, we assume that the views of m2

have a higher acquisition cost that those of
m1 but also lead to higher downstream ac-
curacy. This introduces an additional hierar-
chical decision-making component, where the
agent must weigh the benefits of transition-
ing to m2 against its increased cost. The pol-
icy must learn to prioritize lower-cost views in
m1 when sufficient for accurate diagnosis while
strategically selecting high-cost views from m2

only when necessary. Mimicking real-life clin-
ical scenario, we begin our sequential measure-
ments with one of the views of m1 already
present, say ϑ1 = V1,ε. We modify the state
space to be S = Rdm1 ↓ R|Y|

↓ Rdm2 ↓

R|Y|
↓ {0, 1}n1+n2+2, and the action space

A1 = V1 \ {V1,ε} ↔ V2 ↔ {stop, jump}. The stop token signifies that we should stop the
measurements overall, and the jump token signifies that we should start measuring m2. After t

selection steps, we denote the sequence of selected views for m1 as ε
ε1
t , and the sequence for

m2 as ϖt. Note that we allow free jumps from m1 to any view of m2, and hence the selection
rules for m2 are not conditioned on a fixed starting view. Each state is represented as the tuple
st = (F1(ε

ε1
t ), logit(h1 → F1(ε

ε1
t )), F2(ϖt), logit(h2 → F2(ϖt)), ϱt) where ϱt ↗ {0, 1}n1+n2+2

denotes a mask over the available actions, and ϱt[i] = 1 if the i
th action is valid and not taken

previously. Since we do not have access to ϖt before the jump action has been taken, we set the
corresponding state vectors to

↑↘
0 . When the agent is in process of selecting views from m1, we

mask out all actions from m2 along with previously selected views from m1. Similarly, when the
agent is selecting views from m2, we mask out all previously selected views from m1 and m2 along
with the jump token.

We want to encourage the RL agent to stop when it believes the prediction from m1 could be right,
and only move forward to m2 when it is not confident. To do so, we design the following reward
function with the following case structure (where c is the reward):

1. k
th marker chosen (k > 1) for m• ↗ {m1, m2}, and ς ↗ {ε

ε1 , ϖ} respectively:
c = φ

(
log

[
(h• → F•)({Vϑt(1), ..., Vϑt(k→1), Vi})(y)

]

↑ log
[
(h• → F•)({Vϑt(1), ..., Vϑt(k→1)})(y)

])
,

2. stop action taken after choosing k views from V1:
c = ↼ω(2I(argmax(h1 → F1)({V

ω
ω1
k (1)

, ..., V
ω
ω1
k (k)

}) = y) ↑ 1)
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Figure 4: Results on a multi-modal view selection task between H&E and spatial proteomics-based
diagnostics. a. Accuracy after different diagnostic test strategies. b. Episodic reward and episode
length throughout training of MAVIS.

where the agent selects only H&E and chooses to stop, whereas longer episodes indicate that the
agent proceeds to spatial proteomics for additional biomarker acquisitions.

Table 2: Costs of different di-
agnostic test strategies.

Total Costs

H&E 5.00 $
SP (27-plex) 2250 $
Random 335.56 $
MAVIS 51.03 $

In Fig. 4a, we compare the accuracies of the multi-modal selec-
tion decisions made by MAVIS and random. The H&E (no policy)
baseline represents the accuracy when only H&E is measured for
all patients, while SP (no policy) represents the accuracy when only
27-plex imaging is used for all patients. We observe that while SP
achieves significantly higher accuracy compared to H&E, this im-
provement comes at a substantial cost increase—rising from $5.00
per patient (H&E) to $2250 per patient (SP), as detailed in Table 2.
The H&E (random) baseline represents the accuracy on patients
where the random selection policy opted to stop at H&E stains,
while H&E (MAVIS) corresponds to the accuracy on patients for whom MAVIS actively decided to
stop at H&E without proceeding to multiplex imaging. We observe that MAVIS effectively identi-
fies uncertain patients, leading to a 12.69% improvement in H&E accuracy compared to the H&E
(no policy) baseline. Similarly, the H&E + SP accuracy represents the final classification perfor-
mance across the entire patient cohort, integrating both cases where the model stopped at H&E and
those where it continued to SP, thereby reflecting the overall effectiveness of the adaptive multi-
modal selection strategy. We observe that MAVIS achieves accuracy on par with SP (no policy),
demonstrating that it identifies and selectively transitions only those patients who genuinely benefit
from additional multiplex imaging. This indicates that MAVIS effectively mitigates unnecessary SP
acquisitions, maintaining diagnostic accuracy while significantly reducing costs. In contrast, the ran-
dom policy underperforms, leading to suboptimal stop decisions and inefficient SP usage. Notably,
MAVIS reduces experimental costs by over 80% while achieving the same diagnostic accuracy as
27-plex spatial proteomics staining (see Table 2). Further, in Appendix C, Fig. 10 shows the markers
selected by MAVIS for multiplex imaging, and we observe that MAVIS also learns to adaptively
limit its selections, choosing atmost four markers. This demonstrates the potential of adaptive multi-
modal selection to minimize resource-intensive assays without compromising diagnostic reliability.

5 CONCLUSION

This work introduces MAVIS, a unified framework for active multi-modal view selection in clinical
diagnostics that addresses the challenge of optimizing diagnostic procedures while balancing accu-
racy and cost. Through a novel RL approach, MAVIS unifies modality and feature selection, en-
abling dynamic adaptation to individual patient needs while leveraging foundation models to guide
test selection. The empirical results demonstrate that MAVIS consistently outperforms baseline
approaches in both classification accuracy and uncertainty reduction, while substantially reducing
testing costs. As diagnostic technologies continue to evolve, frameworks like MAVIS will become
increasingly important for optimizing clinical workflows and ensuring efficient use of healthcare
resources. Beyond clinical diagnostics, multi-modal RL frameworks such as MAVIS that interact
with clinical foundation models will set the stage for advanced reasoning systems that actively probe
biological mechanisms, guide biomarker discovery, and accelerate therapeutic development.
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Danenberg Cancer Grade

a b

Danenberg ERStatus Cords Cancer Type

Figure 3: Performance comparison of marker selection strategies for the first 15 markers, showing
accuracy (left) and uncertainty (right) trajectories for a. ER Status prediction (Danenberg et al.,
2022) and b. cancer type prediction (Cords et al., 2023).
Table 1: Performance in terms of accuracy and uncertainty of MAVIS with seven baselines after
selection of B = 5 and B = 10 markers. Bold denote the best, underlined second-best performers.

Method

Cords et al. (2023) Danenberg et al. (2022)

Cancer Type ER Status Cancer Grade

B = 5 B = 10 B = 5 B = 10 B = 5 B = 10

Acc. → Unc. ↑ Acc. → Unc. ↑ Acc. → Unc. ↑ Acc. → Unc. ↑ Acc. → Unc. ↑ Acc. → Unc. ↑

ESM (Max) 0.611 0.423 0.795 0.300 0.794 0.314 0.787 0.307 0.585 0.561 0.607 0.516
ESM (Min) 0.777 0.358 0.746 0.348 0.669 0.365 0.757 0.301 0.607 0.513 0.622 0.522
Random 0.684 0.396 0.735 0.346 0.694 0.383 0.752 0.318 0.514 0.580 0.585 0.529
Entropy (Min) 0.684 0.360 0.754 0.290 0.603 0.430 0.640 0.357 0.511 0.565 0.593 0.480
Entropy (Max) 0.710 0.421 0.759 0.396 0.706 0.379 0.809 0.323 0.496 0.619 0.526 0.582
IPS 0.705 0.387 0.754 0.307 0.574 0.439 0.669 0.370 0.504 0.568 0.630 0.503
Expert Order 0.723 0.359 0.756 0.338 0.750 0.309 0.794 0.294 0.519 0.562 0.607 0.498
MAVIS 0.798 0.302 0.808 0.262 0.831 0.267 0.846 0.215 0.622 0.479 0.674 0.443

using 1 ↓ TCP, where true class probability (TCP) (Corbière et al., 2019) measures the model’s
confidence in the correct class. For the patient cohort, measured separately for cases where the
selection policy opted to stop at H&E samples and those where it proceeded to acquire additional
IMC measurements, and (2) overall experimental cost, computed as the combined cost of H&E and
IMC acquisitions, assessing the efficacy of modality selection and the trade-off between diagnostic
accuracy and resource efficiency.

Results on uni-modal view selection. We begin by evaluating the performance of MAVIS against
seven baselines in terms of classification accuracy and uncertainty reduction. Table 1 summarizes
the results of selection under an acquisition budget constraint of measurement of B = 5 and B = 10
markers. The key observations are: (1) MAVIS consistently outperforms all baselines across three
distinct diagnostic tasks on Cords et al. (2023) and Danenberg et al. (2022); (2) Although random
selection is often surprisingly effective in active learning, it performs poorly in diagnostic tasks,
as uniform selection of markers fails to align with the underlying biological and clinical relevance
of different markers; and (3) the expert-defined ordering, ESM-distance-based selection, and IPS
consistently emerge as the second or third-best performers, yet they are significantly outperformed
by the adaptive ordering learned by MAVIS. This underscores the advantage of dynamically
selecting markers based on patient-specific information rather than relying on a fixed global
sequence. In Fig. 3, we illustrate how classification accuracy and prediction uncertainty evolve over
the first 15 marker acquisitions, demonstrating that MAVIS achieves faster uncertainty reduction
and higher accuracy gains compared to baseline approaches. For further results, see Appendix E,
where in Fig. 7 we show that MAVIS inherently learns to select markers in a diverse manner
throughout the UMAP space, in Fig. 8 we show the order of markers chosen by MAVIS for Cords
et al. (2023), and in Fig. 9 we quantify the consistence of marker sequences selected by MAVIS
across patients for Danenberg et al. (2022).

Results on multi-modal view selection. We evaluate the performance of MAVIS in the multi-
modal setting, where the model determines whether to proceed with multiplex imaging acquisition
or stop at H&E to predict cancer type of non-small lung cancer (Rigamonti et al., 2024). Unlike
single-modality selection, this task requires balancing diagnostic accuracy with acquisition cost by
dynamically deciding when additional information is necessary. Since random selection lacks a
well-defined stopping criterion, we standardize the random baseline by fixing the selection to five
markers. In Fig. 4b, we present the variation of episodic reward (blue) and episode length (black)
over the course of training of MAVIS. The episodic reward steadily increases, indicating that the
agent progressively learns a more optimal selection strategy. Meanwhile, the episode length stabi-
lizes, reflecting converged decision-making behavior. An episode length of 1 corresponds to cases
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Figure 1: MAVIS tackles problems such as a. modality selection, i.e., deciding on an optimal di-
agnostic test to choose between low-cost H&E staining and high-cost spatial proteomics, b. exper-
imental design for biomarker selection, through c. integrating foundation models and multi-modal
RL for test-time decision making and active view selection.

optimization problems. However, one might argue that both, different modalities as well as different
features of a modality might simply provide different views on a sample. Besides selecting different
modalities or views, it is crucial to determine their optimal ordering. For example, restricting the
series of diagnostic tests conducted for a patient to cost-efficient routine analyses and only moving to
more sophisticated, labor-intensive, and expensive test if required, significantly reduces healthcare
costs and increases efficiency. However, determining an optimal sequence of diagnostic tests is
challenging due to the (i) the heterogeneity present in both experimental conditions and patient
cohorts, and (ii) the absence of ground truth test sequences in historically collected datasets.

In this paper, we introduce Multi-modal Active View Selection (MAVIS), a novel reinforcement
learning (RL)-based framework for active view selection at inference-time in clinical diagnostics.
MAVIS iteratively identifies the most informative diagnostic tests and features, aiming to maximize
accuracy while minimizing uncertainty across diverse downstream clinical tasks. MAVIS builds on
foundation models as a basis for informed decision-making, combining their predictive power with
reinforcement learning to dynamically select the most informative diagnostic tests for each patient
(Fig. 1c). Our key contributions include:

Unified framework for modality and feature selection. Contrary to prior work, we propose a
single framework for selecting diagnostic platforms (modalities) and their corresponding measure-
ment features by phrasing the problem as view selection task across multiple modalities. Within
this, we jointly tackle two critical questions: (i) For which patient is H&E staining alone inade-
quate for diagnostic decision-making, thereby necessitating spatial proteomics measurements? (ii)
What is the optimal sequence of markers to measure iteratively to strengthen diagnostic precision?
This allows us to explicitly account for cost-benefit trade-offs in diagnostic test selection.

Novel RL-based method for selection at test-time. We propose MAVIS, a RL framework,
which learns to iteratively select the sequence of views to be chosen to enhance diagnostic pre-
diction, leveraging historical experimental data. Unlike prior approaches, MAVIS is trained in an
environment simulating test-time conditions, and hence it does not have prior access to results of
unseen views, nor requires supervision through ground-truth preference orders or view sequences.

Guiding test-time selection through foundation models. Recent advances in FMs for pathology
(Chen et al., 2024) and spatial proteomics (Wenckstern et al., 2025) have demonstrated excellent
zero-shot performance capabilities in generating high-quality tissue representations and in down-
stream tasks. We leverage these pre-trained FMs within MAVIS for guiding modality and view
selection. As such, MAVIS is the first framework that utilizes multiple FMs as backbones for
decision making with without the need for fine-tuning or additional supervision at test time.

2 BACKGROUND

Foundation models in clinical diagnostics. FMs have gained significant attention in the medical
imaging and computational biology communities for their ability to learn powerful representations
from diverse datasets (Chen et al., 2024; Wenckstern et al., 2025; Vorontsov et al., 2024; Xu et al.,
2024). These models have shown remarkable downstream performance without additional super-
vision. In this work, we use UNI2 (Chen et al., 2024) as the underlying FM for H&E stained
images, a model with strong zero-shot and few-shot performance on effectively classifying and seg-

2

… unified framework for modality and feature selection 
… view selection at inference time without ground-truth       
… preferences 
… learning to guide test-time selection through  
… foundation models

Results: MAVIS learns to select better selection rules

Aim: learn the best selection rule ￼  for any patient starting 
from any view ￼
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ωω

<latexit sha1_base64="PT8/7DOXclXZzQ8l5/x+xHh5JC0=">AAAB+3icdVDLSsNAFJ3UV62vqks3g0VwFTK1TbosCOKygn1AG8pkOmmHTiZhZiKU0F9wq3t34taPceuXOGkraNEDFw7n3Mu99wQJZ0o7zodV2Njc2t4p7pb29g8Oj8rHJx0Vp5LQNol5LHsBVpQzQduaaU57iaQ4CjjtBtPr3O8+UKlYLO71LKF+hMeChYxgnUsDyvmwXHFshK68ah0aUkPIcw2pNtyqV4fIdhaogBVaw/LnYBSTNKJCE46V6iMn0X6GpWaE03lpkCqaYDLFY9o3VOCIKj9b3DqHF0YZwTCWpoSGC/XnRIYjpWZRYDojrCdq3cvFP70gWtusw4afMZGkmgqyXBymHOoY5kHAEZOUaD4zBBPJzO2QTLDERJu4SiaU78/h/6RTtZFru3e1SvNmFU8RnIFzcAkQ8EAT3IIWaAMCJuARPIFna269WK/W27K1YK1mTsEvWO9fxDuVNQ==</latexit>

ω

MAVIS Framework

<latexit sha1_base64="/Ayk/PFXtHgC0PSSr7ZmyNzn0SY="></latexit>

!(2|V|)

Metrics:
<latexit sha1_base64="Zlnk7C16xc/1zMaK3tA7bdFj3nc="></latexit>

Acck = Ep→P

[
Ey→H

ω
k
[I{y = yp}]

]

<latexit sha1_base64="JAWFtQHFx9Jlm5zeKVSSbA+ZyGM="></latexit>

Unck = 1→ TCPk

<latexit sha1_base64="6bIMLcxS1ougUAygTf2P/8kOoQs="></latexit>

(h → F )
(
{Vωω(p)(1), . . . , Vωω(p)(k)}

)
foundation model

-optimal:
<latexit sha1_base64="JNbGNhFJStAolJGN7Da3QU/ZAAM=">AAAB+HicdVDLSgMxFM3UV62vqks3wSK4Gia1nemyIIjLFuwD2qFk0kwbmskMSUaoQ7/Are7diVv/xq1fYvoQtOiBC4dz7uXee4KEM6Ud58PKbWxube/kdwt7+weHR8Xjk7aKU0loi8Q8lt0AK8qZoC3NNKfdRFIcBZx2gsn13O/cU6lYLO70NKF+hEeChYxgbaTmZFAsOTZCV165Cg2pIOS5hpRrbtmrQmQ7C5TACo1B8bM/jEkaUaEJx0r1kJNoP8NSM8LprNBPFU0wmeAR7RkqcESVny0OncELowxhGEtTQsOF+nMiw5FS0ygwnRHWY7XuzcU/vSBa26zDmp8xkaSaCrJcHKYc6hjOU4BDJinRfGoIJpKZ2yEZY4mJNlkVTCjfn8P/SbtsI9d2m5VS/WYVTx6cgXNwCRDwQB3cggZoAQIoeARP4Nl6sF6sV+tt2ZqzVjOn4Bes9y92WZPp</latexit>

k
<latexit sha1_base64="olxLYgc1ZfcSKZo3InkMpNwqphU=">AAACA3icdVDLSsNAFJ3UV62vqks3g0VwFZLaJl0WBHFZwT6giWUynbRDZ5IwMxFK6NJfcKt7d+LWD3HrlzhpK2jRAxcO59zLvfcECaNSWdaHUVhb39jcKm6Xdnb39g/Kh0cdGacCkzaOWSx6AZKE0Yi0FVWM9BJBEA8Y6QaTy9zv3hMhaRzdqmlCfI5GEQ0pRkpLnifpiKM7jzBWGpQrlmnbF261DjWp2bbraFJtOFW3Dm3TmqMClmgNyp/eMMYpJ5HCDEnZt61E+RkSimJGZiUvlSRBeIJGpK9phDiRfja/eQbPtDKEYSx0RQrO1Z8TGeJSTnmgOzlSY7nq5eKfXsBXNquw4Wc0SlJFIrxYHKYMqhjmgcAhFQQrNtUEYUH17RCPkUBY6djyUL4/h/+TTtW0HdO5qVWaV8t4iuAEnIJzYAMXNME1aIE2wCABj+AJPBsPxovxarwtWgvGcuYY/ILx/gV8zJha</latexit>

ωω is

optimal:
<latexit sha1_base64="olxLYgc1ZfcSKZo3InkMpNwqphU=">AAACA3icdVDLSsNAFJ3UV62vqks3g0VwFZLaJl0WBHFZwT6giWUynbRDZ5IwMxFK6NJfcKt7d+LWD3HrlzhpK2jRAxcO59zLvfcECaNSWdaHUVhb39jcKm6Xdnb39g/Kh0cdGacCkzaOWSx6AZKE0Yi0FVWM9BJBEA8Y6QaTy9zv3hMhaRzdqmlCfI5GEQ0pRkpLnifpiKM7jzBWGpQrlmnbF261DjWp2bbraFJtOFW3Dm3TmqMClmgNyp/eMMYpJ5HCDEnZt61E+RkSimJGZiUvlSRBeIJGpK9phDiRfja/eQbPtDKEYSx0RQrO1Z8TGeJSTnmgOzlSY7nq5eKfXsBXNquw4Wc0SlJFIrxYHKYMqhjmgcAhFQQrNtUEYUH17RCPkUBY6djyUL4/h/+TTtW0HdO5qVWaV8t4iuAEnIJzYAMXNME1aIE2wCABj+AJPBsPxovxarwtWgvGcuYY/ILx/gV8zJha</latexit>

ωω is
<latexit sha1_base64="olxLYgc1ZfcSKZo3InkMpNwqphU=">AAACA3icdVDLSsNAFJ3UV62vqks3g0VwFZLaJl0WBHFZwT6giWUynbRDZ5IwMxFK6NJfcKt7d+LWD3HrlzhpK2jRAxcO59zLvfcECaNSWdaHUVhb39jcKm6Xdnb39g/Kh0cdGacCkzaOWSx6AZKE0Yi0FVWM9BJBEA8Y6QaTy9zv3hMhaRzdqmlCfI5GEQ0pRkpLnifpiKM7jzBWGpQrlmnbF261DjWp2bbraFJtOFW3Dm3TmqMClmgNyp/eMMYpJ5HCDEnZt61E+RkSimJGZiUvlSRBeIJGpK9phDiRfja/eQbPtDKEYSx0RQrO1Z8TGeJSTnmgOzlSY7nq5eKfXsBXNquw4Wc0SlJFIrxYHKYMqhjmgcAhFQQrNtUEYUH17RCPkUBY6djyUL4/h/+TTtW0HdO5qVWaV8t4iuAEnIJzYAMXNME1aIE2wCABj+AJPBsPxovxarwtWgvGcuYY/ILx/gV8zJha</latexit>

ωωIf     is   -optimal for every 
<latexit sha1_base64="JNbGNhFJStAolJGN7Da3QU/ZAAM=">AAAB+HicdVDLSgMxFM3UV62vqks3wSK4Gia1nemyIIjLFuwD2qFk0kwbmskMSUaoQ7/Are7diVv/xq1fYvoQtOiBC4dz7uXee4KEM6Ud58PKbWxube/kdwt7+weHR8Xjk7aKU0loi8Q8lt0AK8qZoC3NNKfdRFIcBZx2gsn13O/cU6lYLO70NKF+hEeChYxgbaTmZFAsOTZCV165Cg2pIOS5hpRrbtmrQmQ7C5TACo1B8bM/jEkaUaEJx0r1kJNoP8NSM8LprNBPFU0wmeAR7RkqcESVny0OncELowxhGEtTQsOF+nMiw5FS0ygwnRHWY7XuzcU/vSBa26zDmp8xkaSaCrJcHKYc6hjOU4BDJinRfGoIJpKZ2yEZY4mJNlkVTCjfn8P/SbtsI9d2m5VS/WYVTx6cgXNwCRDwQB3cggZoAQIoeARP4Nl6sF6sV+tt2ZqzVjOn4Bes9y92WZPp</latexit>

k
<latexit sha1_base64="q9cT1ZKmRW3FLxOrlu5C3s5f00s=">AAACDXicdVDLSsNAFJ3UV62v+Ni5GSyCq5DUNumyIIjLCvYBbSiT6aQdOnk4MxFq2m/wF9zq3p249Rvc+iVO2gpa9MDA4Zx7uWeOFzMqpGl+aLmV1bX1jfxmYWt7Z3dP3z9oiijhmDRwxCLe9pAgjIakIalkpB1zggKPkZY3usj81h3hgkbhjRzHxA3QIKQ+xUgqqacfjWCXkVs46QZIDjFiaXM66elF07Csc6dUgYqULcuxFSlV7ZJTgZZhzlAEC9R7+me3H+EkIKHEDAnRscxYuinikmJGpoVuIkiM8AgNSEfREAVEuOks/RSeKqUP/YirF0o4U39upCgQYhx4ajLLKJa9TPzT84Kly9KvuikN40SSEM8P+wmDMoJZNbBPOcGSjRVBmFOVHeIh4ghLVWBBlfL9c/g/aZYMyzbs63KxdrmoJw+OwQk4AxZwQA1cgTpoAAzuwSN4As/ag/aivWpv89Gcttg5BL+gvX8BkCKcMg==</latexit>

k → |V|

If   selection rules   :  
<latexit sha1_base64="mXHmk17R1NCJAIvCPIWW/YYCM2k=">AAACAHicdVDLSsNAFJ34rPVVdelmsAiuQhLbpMuCIC4r2Ic0sUymk3boTBJmJkIJ3fgLbnXvTtz6J279EqcPQYseuHA4517uvSdMGZXKsj6MldW19Y3NwlZxe2d3b790cNiSSSYwaeKEJaITIkkYjUlTUcVIJxUE8ZCRdji6mPrteyIkTeIbNU5JwNEgphHFSGnp1hfD5M4njPVKZcu07XPPqUJNKrbtuZo4NdfxqtA2rRnKYIFGr/Tp9xOccRIrzJCUXdtKVZAjoShmZFL0M0lShEdoQLqaxogTGeSzgyfwVCt9GCVCV6zgTP05kSMu5ZiHupMjNZTL3lT80wv50mYV1YKcxmmmSIzni6OMQZXAaRqwTwXBio01QVhQfTvEQyQQVjqzog7l+3P4P2k5pu2a7nWlXL9cxFMAx+AEnAEbeKAOrkADNAEGHDyCJ/BsPBgvxqvxNm9dMRYzR+AXjPcvtjqXag==</latexit>

ωω
<latexit sha1_base64="hHG4VZ5Y5RDJi1SKWFSV3ti96Kk="></latexit>

Acck(ω
ω) → Acck(ε

ω)
<latexit sha1_base64="Mue4XveHDDgNeKaXtAVxdHozdoo=">AAAB/nicdVDLSgMxFM34rPVVdekmWARXw2RsZ7osCOKygn1AO5RMmmlDM5khyQhlKPgLbnXvTtz6K279EtOHoEUPBA7n3Mu5OWHKmdKO82GtrW9sbm0Xdoq7e/sHh6Wj45ZKMklokyQ8kZ0QK8qZoE3NNKedVFIch5y2w/HVzG/fU6lYIu70JKVBjIeCRYxgbaR2L0ok5rxfKjs2Qpe+W4WGVBDyPUPcmuf6VYhsZ44yWKLRL332BgnJYio04VipLnJSHeRYakY4nRZ7maIpJmM8pF1DBY6pCvL5uVN4bpQBNMnmCQ3n6s+NHMdKTeLQTMZYj9SqNxP/9MJ4JVlHtSBnIs00FWQRHGUc6gTOuoADJinRfGIIJpKZ2yEZYYmJNo0VTSnfP4f/k5ZrI8/2bivl+vWyngI4BWfgAiDggzq4AQ3QBASMwSN4As/Wg/VivVpvi9E1a7lzAn7Bev8CNzSWlg==</latexit>

→

If exists, is necessarily greedy!
<latexit sha1_base64="ESeJ27zAlOjjSyNVikILTO7Gyjc="></latexit>

ωω(p)(k) = argmax
i→[|V|]\

⋃k→1
j=1 {εω(p)(j)}

(h → F )({Vεω(p)(1), ..., Vεω(p)(k↑1), Vi})(yp)

<latexit sha1_base64="mfph+PXfzD92RhmiXqf92wx1PH0="></latexit>

cT = ω(2I((h → F )({VωT (1), ..., VωT (T )})} = y)↑ 1)

episodic reward<latexit sha1_base64="19jdzCPVGda+JzrX5WROoiP7qfU="></latexit>

ct(st, i) = ω
(
log

[
(h → F )({Vωω

t(1)
, ..., Vωω

t(t)
, Vi})(y)

]

↑ log
[
(h → F )({Vωω

t(1)
, ..., Vωω

t(t)
})(y)

] )
,

instantaneous reward

Over 15 marker acquisitions, 
MAVIS achieves faster 
uncertainty reduction and 
higher accuracy gains, 
outperforming global and 
expert orders.

MAVIS progressively  
learns better selection  
rules while learning when  
to switch to multiplex imaging 
over H&E.

MAVIS achieves accuracy on par with SP, transitioning only 
those patients from H&E who genuinely benefit from 
additional multiplex imaging.

MAVIS reduces experimental costs by over 95% and 
learns to adaptively limit biomarker selection.

To be presented at MLGenX (Spotlight) & GemBio, ICLR 2025

… we introduce MAVIS a unified framework for active multi-modal view 
… selection in clinical diagnostics enabling dynamic adaptation to  
… individual patient needs while leveraging FMs to guide test selection.

switch 
reward

<latexit sha1_base64="MfpexnnKZcLFqad3UyJY8XyWm1A="></latexit>

c = ωε(2I(argmax(h → F )({Vωω
k(1)

, ..., Vωω
k(k)

}) = y)↑ 1)

Challenges: inferring the optimal selection rule is        
       optimal selection rules different for every patient

Learning   -optimal  
selection rules  
for           :

<latexit sha1_base64="JNbGNhFJStAolJGN7Da3QU/ZAAM=">AAAB+HicdVDLSgMxFM3UV62vqks3wSK4Gia1nemyIIjLFuwD2qFk0kwbmskMSUaoQ7/Are7diVv/xq1fYvoQtOiBC4dz7uXee4KEM6Ud58PKbWxube/kdwt7+weHR8Xjk7aKU0loi8Q8lt0AK8qZoC3NNKfdRFIcBZx2gsn13O/cU6lYLO70NKF+hEeChYxgbaTmZFAsOTZCV165Cg2pIOS5hpRrbtmrQmQ7C5TACo1B8bM/jEkaUaEJx0r1kJNoP8NSM8LprNBPFU0wmeAR7RkqcESVny0OncELowxhGEtTQsOF+nMiw5FS0ygwnRHWY7XuzcU/vSBa26zDmp8xkaSaCrJcHKYc6hjOU4BDJinRfGoIJpKZ2yEZY4mJNlkVTCjfn8P/SbtsI9d2m5VS/WYVTx6cgXNwCRDwQB3cggZoAQIoeARP4Nl6sF6sV+tt2ZqzVjOn4Bes9y92WZPp</latexit>

k

<latexit sha1_base64="FH7gIv3MdDi7frHQvq8uV+LhGLY="></latexit>

k → |V|


