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The standard RL paradigm enables agents to learn op-
timal policies by maximizing expected long-term rewards,
achieving success in various domains. However, the sin-
gular focus on optimizing reward proxies (argmax R̂(x))
and learning the reward-maximizing policy often proves in-
sufficient for real-world applications where diverse solution
sets are critical. For example, in molecular generation, im-
perfect reward functions in simulations necessitate multi-
ple high-reward candidates. The Generative Flow Network
(GFlowNet) (Bengio et al. 2021), represents a paradigm
shift by learning reward-matching policies (π(x) ∝ R̂(x)).
This enables the discovery of diverse, high-quality solutions
while addressing critical challenges in traditional RL, par-
ticularly in scientific discovery applications where simula-
tion uncertainties demand multiple promising candidates.
Despite widespread success in various domains, sequen-
tial decision-making still faces significant challenges, par-
ticularly with deep neural networks and in multi-agent set-
tings where agent interactions introduce additional com-
plexity. We target three fundamental problems in sequential
decision-making paradigms: (1) how can agents learn effi-
ciently for decision-making? (2) how can we ensure a con-
vergent and robust learning behavior of agents? and (3) how
to successfully apply them in important practical applica-
tions?
Efficient Training. Sequential decision-making systems of-
ten suffer from low sample efficiency in learning optimal
policies. We improve learning efficiency across core dimen-
sions: state transition dynamics, action selection (Pan et al.
2023b), reward (credit assignment) (Pan et al. 2023a), pol-
icy, and the agent learning paradigm (Pan et al. 2022, 2024).
Robust Learning Behavior. The reliability of decision-
making systems in real-world applications is often com-
promised by estimation uncertainties and environmental
stochasticity. We investigate how to enhance its learning
robustness, considering more robust value estimates for
overestimation reduction (Pan, Cai, and Huang 2020; Pan
et al. 2021) and developing robust approaches for extend-
ing GFlowNets to stochastic environments (Pan et al. 2023c;
Zhang et al. 2024) with inherent uncertainty..
Practical Applications. Intelligent decison-making algo-
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rithms demonstrate strong practical impact to critical real-
world challenges. We develop the first large-scale dockless
bike-sharing system rebalancing approach (Pan et al. 2019)
in computational sustainability, and demonstrat promising
results in molecular generation and combinatorial optimiza-
tion (Zhang et al. 2023), where these advances can lay the
groundwork for other important applications in computa-
tional sustainability, healthcare, and autonomous systems.
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