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STABILITY-CERTIFIED REINFORCEMENT LEARNING: A
CONTROL-THEORETIC PERSPECTIVE∗
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Abstract. We investigate the important problem of certifying stability of reinforcement learning
policies when interconnected with nonlinear dynamical systems. We show that by regulating the
input-output gradients of policies, strong guarantees of robust stability can be obtained based on a
proposed semidefinite programming feasibility problem. The method is able to certify a large set of
stabilizing controllers by exploiting problem-specific structures; furthermore, we analyze and establish
its (non)conservatism. Empirical evaluations on two decentralized control tasks, namely multi-flight
formation and power system frequency regulation, demonstrate that the reinforcement learning agents
can have high performance within the stability-certified parameter space, and also exhibit stable
learning behaviors in the long run.
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1. Introduction. Remarkable progress has been made in reinforcement learning
(RL) using (deep) neural networks to solve complex decision-making and control
problems [43]. While RL algorithms, such as policy gradient [52, 26, 41], Q-learning
[49, 35], and actor-critic methods [32, 34] aim at optimizing control performance, the
security aspect is of great importance for mission-critical systems, such as autonomous
cars and power grids [20, 4, 44]. A fundamental problem is to analyze or certify
stability of the interconnected system in both RL exploration and deployment stages,
which is challenging due to its dynamic and nonconvex nature [20].
The problem under study focuses on a general continuous-time dynamical system:
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(1.1)
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with the state x(t) ∈ Rns and the control action u(t) ∈ Rna . In general, ft can be
a time-varying and nonlinear function, but for the purpose of stability analysis, we
study the important case that
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(1.2)
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ẋ(t) = ft (x(t), u(t)),

ft (x(t)) = Ax(t) + Bu(t) + gt (x(t)),

where ft comprises of a linear time-invariant (LTI) component A ∈ Rns ×ns that is
Hurwitz (i.e., every eigenvalue of A has strictly negative real part), a control matrix
B ∈ Rns ×na , and a slowly time-varying component gt that is allowed to be nonlinear
and even uncertain.1 The condition that A is stable is a basic requirement, but the
goal of reinforcement learning is to design a controller that optimizes some performance
metric that is not necessarily related to the stability condition. For feedback control,
36 we also allow the controller to obtain observations y(t) = Cx(t) ∈ Rns that are a linear
37 function of the states, where C ∈ Rns ×ns may have a sparsity pattern to account for
38 partial observations in the context of decentralized controls [8].
30
31
32
33
34
35

∗ This work was supported by the ONR grants N00014-17-1-2933 and N00014-15-1-2835, DARPA
grant D16AP00002, and AFOSR grant FA9550-17-1-0163.
† Department of Industrial Engineering and Operations Research, University of California, Berkeley.
Email: jinming@berkeley.edu.
‡ Department of Industrial Engineering and Operations Research, and the Tsinghua-Berkeley
Shenzhen Institute, University of California, Berkeley. Email: lavaei@berkeley.edu.
1 This requirement is not difficult to meet in practice, because one can linearize any nonlinear
systems around the equilibrium point to obtain a linear component and a nonlinear part.
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