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Algorithm 1: Two-Stage Constrained Actor-Critic
(TSCAC)
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Stage One: For each auxiliary response i = 2,...,m, learna

policy to optimize the response i, with g, denoting actor
and V, for criic.

While not converged, at iteration k:
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Stage Two: For the main response, learn a policy to both
optimize the main response and restrict its domain close to
the policies {7, }{Z, of auxiliary responses, with 7,
denoting actor and V, for critic.

While not converged, at iteration k:
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