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Motivation Experimental Environment: Reaching Goals Signaling Gradient

The proposed signaling gradient is utilized to compute the gradient of the sender’s long-term
expected payoff w.r.t. its signaling scheme parameters. It explicitly takes into account the chain
of the receiver’s policy and thus alleviate the non-stationarity between agents.

Existing literature on multi-agent reinforcement learning mainly focuses on fully cooperative
scenarios. However, computational economics reveals a different aspect. It shows that an agent
can influence other agents in a mixed-motive setting by leveraging its informational advantages.

Similar to the case of the policy gradient (PG), the relationship between state visitation frequency
and (p, ) cannot be explicitly written.

Recommendation Letter. A bunch of students are about to enter the job market. Among
them, % are excellent and the remaining are weak. A professor can observe each student’s
quality, while the HR cannot (informational advantage); The professor can communicate with

R ) . Lemma 4.1. Given a signaling scheme of the sender and an action polic of the receiver in
the HR (communication); The professor’s goal is to get more students employed, while the HR & 2 n POIICY Ty

. . . S S S S an MSG G, the gradient of the sender’s value function Vlm(s) w.r.t. the signaling parameter n is
wants to hire only excellent students (mixed-motive). (3) Reaching Goals b) The aligned goals | | Y
R ViVonr(s) x Epx [Wfpm(s,a) | Vylogmg(a | o,0) + Vylogoy(o | s, O)H . (2)
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sender Is out of the map. Thus it can only get a reward when the receiver reaches the red goal.
= Professor reveals no information. Both agents get 0 reward.

= Professor honestly reports. Both agents get % reward. Extended Obedience Constraints
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Figure 1. lllustration of the Markov signaling game. The arrows symbolize probability distributions, whereas the
nodes denote the sampled variables.
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