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Abstract

The Knowledge of Optimization And Learning Algorithms
(KOALA) group studies how to integrate optimization, ma-
chine learning, and generative modeling to enable data-driven
decision-making under uncertainty. We study decision-
focused learning, embedding optimization as a differentiable
layer to train models end-to-end for decision quality. We de-
sign scalable reinforcement learning algorithms for popula-
tion and personalized healthcare, and develop efficient bilevel
optimization methods for nested and multi-agent decision-
making. These directions form a unified framework link-
ing optimization and learning for impactful AI in healthcare.
Through collaborations with hospitals and NGOs, our group
designs and deploys algorithms for pediatric, diabetes, mater-
nal, and mental health applications. Looking ahead, we aim
to unite these foundations with generative AI to build the-
oretically grounded and socially responsible algorithms that
advance trustworthy, real-world AI for health and beyond.

1 Decision-Focused Learning
We study decision-focused learning: integrating optimiza-
tion as a differentiable layer within machine learning
pipelines so models can be trained end-to-end on task-level
decision quality. Our work develops methods for backprop-
agating through optimization problems—both convex and
non-convex (Wang et al. 2020a,b; Shah et al. 2022; Diaz
et al. 2024; Wang et al. 2022; Johnson-Yu et al. 2023; Zhao
et al. 2025)—and for sequential decision-making (Wang
et al. 2021, 2023a). These techniques establish a principled
framework in which predictions are shaped by their down-
stream impact, rather than by surrogate losses alone. Beyond
theory, our decision-focused learning algorithms have also
achieved measurable impact in healthcare at scale. In part-
nership with the Indian NGO ARMMAN, we co-designed
and field-tested a decision-focused algorithm to optimize
a maternal and child health program that delivers weekly
health information to pregnant women. The algorithm was
deployed program-wide, improving retention by 31% for
more than 350,000 participants since 2022 (Verma et al.
2022). This work demonstrates how aligning model training
with downstream decisions can translate into better delivery
of healthcare resources.
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2 Sequential Decision Making for Healthcare
We develop efficient, tractable algorithms for bandits and
reinforcement learning that support sequential decision-
making in healthcare under uncertainty and at population
scale. This work includes multi-armed bandit formulations
designed to operate under computational constraints for
large cohorts (Xu et al. 2021; Wang et al. 2023b; Hung,
Hsieh, and Wang 2025; Zhang and Wang 2025; Pandey,
Wang, and Garcia 2025), as well as diffusion-policy meth-
ods in reinforcement learning that leverage generative mod-
els to accelerate and stabilize learning (Ma et al. 2025; Chen
et al. 2025; Hu et al. 2025). These methods form the core of
our group’s ongoing collaboration with Massachusetts Gen-
eral Hospital, where we design adaptive interventions for
diabetes and chronic disease using bandits, reinforcement
learning, and generative models subject to resource con-
straints. Our group is also partnering with Children’s Health-
care of Atlanta to deploy a bedside monitoring system with
intervention recommendations for pediatric care.

3 Foundations of Bilevel Structure
We study bilevel optimization—optimization problems
nested within other optimization problems—as a foundation
for modern machine learning and decision-making. Our re-
cent work develops efficient fully first-order algorithms, to-
gether with complexity analysis, for bilevel problems with
linear constraints (Kornowski et al. 2024) and for Stackel-
berg models with multiple followers (Niu, Wang, and Ziani
2025), generalizing prior analyses of fully first-order meth-
ods. By designing scalable algorithms and establishing prov-
able guarantees, our research connects classical optimiza-
tion principles with emerging challenges in machine learn-
ing, offering a unifying framework for data-driven decision-
making with bilevel structures.

4 Future Directions
These directions define a research program that unites opti-
mization, learning, and generative AI to produce algorithms
that are theoretically principled, practically deployable, and
societally impactful. As AI capabilities accelerate, our aim is
to keep them grounded in data scarcity, cultural context, and
resource constraints—so that advances translate into mea-
surable improvements in health and well-being for all.
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