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Abstract

Bayesian persuasion studies the problem faced by an informed sender who strate-
gically discloses information to influence the behavior of an uninformed receiver.
Recently, a growing attention has been devoted to settings where the sender and
the receiver interact sequentially, in which the receiver’s decision-making problem
is usually modeled as a Markov decision process (MDP). However, previous works
focused on computing optimal information-revelation policies (a.k.a. signaling
schemes) under the restrictive assumption that the receiver acts myopically, select-
ing actions to maximize the one-step reward and disregarding future rewards. This
is justified by the fact that, when the receiver is farsighted and thus considers future
rewards, finding an optimal Markovian signaling scheme is NP-hard. In this paper,
we show that Markovian signaling schemes do not constitute the “right” class of
policies. Indeed, differently from most of the MDPs settings, we prove that Marko-
vian signaling schemes are not optimal, and general history-dependent signaling
schemes should be considered. Moreover, we also show that history-dependent
signaling schemes circumvent the negative complexity results affecting Markovian
signaling schemes. Formally, we design an algorithm that computes an optimal
and ε-persuasive history-dependent signaling scheme in time polynomial in 1/ε
and in the instance size. The crucial challenge is that general history-dependent
signaling schemes cannot be represented in polynomial space. Nevertheless, we
introduce a convenient subclass of history-dependent signaling schemes, called
promise-form, which are as powerful as general history-dependent ones and ef-
ficiently representable. Intuitively, promise-form signaling schemes compactly
encode histories in the form of honest promises on future receiver’s rewards.

1 Introduction

Bayesian persuasion [Kamenica and Gentzkow, 2011] is the problem faced by an informed sender
who wants to influence the behavior of an uninformed, self-interested receiver through the provision
of payoff relevant information. Bayesian persuasion captures many fundamental problems arising in
real-world applications, e.g., online advertising [Bro Miltersen and Sheffet, 2012], voting [Alonso and
Câmara, 2016, Castiglioni et al., 2020a, Castiglioni and Gatti, 2021], traffic routing [Bhaskar et al.,
2016, Castiglioni et al., 2021a], recommendation systems [Mansour et al., 2016], security [Rabinovich
et al., 2015, Xu et al., 2016], marketing [Babichenko and Barman, 2017, Candogan, 2019], medical
research [Kolotilin, 2015], and financial regulation [Goldstein and Leitner, 2018].
∗Work done while the author was at Politecnico di Milano.
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Most of the previous works study the classical, one-shot version of the Bayesian persuasion problem.
However, in many application scenarios it is natural to assume that the sender and the receiver interact
multiple times in a sequential manner. In spite of this, only a few very recent works addressed
sequential versions of the Bayesian persuasion problem [Wu et al., 2022, Bernasconi et al., 2022,
Gan et al., 2022a,b]. In particular, Wu et al. [2022] and Gan et al. [2022a,b] study settings where the
sender and the receiver interact sequentially in a Markov decision process (MDP).

In Bayesian persuasion problems in MDPs, at each step of the interaction both the sender and the
receiver know the current state of the MDP, and the former has also access to some private observation
drawn according to a commonly-known, state-dependent distribution. The sender commits beforehand
to an information-revelation policy, which is implemented by means of a signaling scheme that sends
randomized action recommendations to the receiver, conditioned on the current (public) state and
the sender’s private observation. Specifically, the sender commits to a persuasive signaling scheme,
meaning that the receiver is always incentivized to follow recommendations. At the end of each step,
the next state of the MDP and the agents’ rewards are determined as a function of the current state,
the action actually played by the receiver, and the sender’s private observation in the current step.

Wu et al. [2022] and Gan et al. [2022a,b] provide algorithms that compute an optimal (i.e., reward-
maximizing) persuasive signaling scheme under the restrictive assumption that the receiver acts
myopically, selecting actions to maximize the one-step reward and disregarding future ones. This is
justified by the fact that, when the receiver is farsighted and thus considers future rewards, finding an
optimal Markovian signaling scheme is NP-hard to approximate, as shown by Gan et al. [2022a] for
infinite-horizon MDPs. An analogous result also holds in finite-horizon MDPs for non-stationary
Markovian signaling schemes, as we prove in this work as a preliminary result.

In this paper, we show that Wu et al. [2022] and Gan et al. [2022a,b] failed to provide positive results
with farsighted receivers since Markovian signaling schemes do not constitute the “right” class of
policies to consider. This is in stark contrast with most of the MDPs settings in which Markovian
policies are optimal. Indeed, we prove that Markovian signaling schemes are not optimal, and general
history-dependent signaling schemes should be considered. As a result, we focus on the problem of
computing an optimal persuasive history-dependent signaling scheme. Surprisingly, we show that
taking history into account allows to circumvent the negative result affecting Markovian signaling
schemes. We do that by providing an approximation scheme that finds an optimal ε-persuasive (i.e.,
one approximately incentivizing the receiver to follow action recommendations) history-dependent
signaling scheme in time polynomial in 1/ε and the size of the problem instance.

The crucial challenge in designing our approximation scheme is that general, history-dependent
signaling schemes cannot be represented in polynomial space. Our algorithm overcomes such an issue
by using a convenient subclass of history-dependent signaling schemes, which we call promise-form
signaling schemes. The core idea of such signaling schemes is to compactly encode all the relevant
information contained in an history into a promise on future receiver’s rewards. At each step of the
process, a promise-form signaling scheme does not only determines an action recommendation for the
receiver, but it also makes a promise to them. First, we prove that promise-form signaling schemes are
as powerful as general history-dependent ones. Then, we show how an optimal ε-persuasive promise-
form signaling scheme can be computed in polynomial time by means of a recursive procedure. To
do that, we rely on a crucial result showing that, for signaling schemes that honestly keep promises
made to the receiver, persuasiveness constraints can be expressed as conditions defined locally at
each step of the MDP, since the receiver only cares about sender’s promises on their future rewards.2

2 Preliminaries

In this work, we study Bayesian persuasion problems where a farsighted receiver takes actions in a
time-inhomogeneous finite-horizon MDP [Puterman, 2014]. Formally, a problem instance is a tuple(

S,A,H,Θ, {rS
h}h∈H, {rR

h}h∈H, {ph}h∈H, {µh}h∈H, β
)
,where:

S is a finite set of states, A is a finite set of receiver’s actions available in each state,H := [1, . . . ,H]
is a set of time steps with H being the time horizon, Θ is a finite set of sender’s private observations,
rS
h, r

R
h : S × A × Θ → [0, 1] are reward functions for the sender and the receiver, respectively,

2The complete proofs of all the results in the paper can be found in Appendices C, D, and E.
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ph : S ×A×Θ→ ∆(S) is a transition function, µh : S → ∆(Θ) is a function defining probabilities
of sender’s private observations at each state, while β ∈ ∆(S) is the initial state distribution.3

We consider the most general setting in which the sender commits to a non-stationary and non-
Markovian signaling scheme (henceforth called history-dependent signaling scheme for short). For
every step h ∈ H and state sh ∈ S reached at that step, a history-dependent signaling scheme defines
a randomized mapping from sender’s private observations to action recommendations for the receiver,
based on the whole history of states and receiver’s actions observed up to step h.4 Formally, in the
following we let Th be the set of all the possible histories up to step h, which is defined as

Th := {τ | τ = (s1, a1, . . . , sh−1, ah−1, sh) : si ∈ S, ai ∈ A},
while we let T := T1 ∪ . . . ∪ TH be the set of all the possible histories (of any length).5 Then, a
history-dependent signaling scheme is defined as a set φ := {φτ}τ∈T of functions φτ : Θ→ ∆(A),
which define a mapping from sender’s private observations to probability distributions over action
recommendations for every possible history.

Algorithm 1 Sender-receiver interaction

1: Sender publicly commits to φ := {φτ}τ∈T
2: s1 ∼ β, τ1 ← (s1), deviated← False
3: for each step h = 1, . . . ,H do
4: Sender observes θh ∼ µh(sh)
5: if deviated is False then
6: Sender recommends ah ∼ φτh(θh)
7: Receiver plays âh ∈ A
8: else
9: Receiver plays âh ∈ A

10: Sender collects reward rS
h(sh, âh, θh)

11: Receiver collects reward rR
h(sh, âh, θh)

12: Next state: sh+1 ∼ ph(sh, âh, θh)
13: Update history: τh+1 ← τh ⊕ (âh, sh+1)
14: if ah 6= âh then
15: deviated← True

The interaction between the sender and the re-
ceiver goes as follows (Algorithm 1). (i) The
sender publicly commits to a history-dependent
signaling scheme φ := {φτ}τ∈T . (ii) An initial
state s1 ∼ β is drawn. (iii) At each step h ∈ H,
both agents observe the current state sh ∈ S
and the sender also gets a private observation
θh ∈ Θ drawn according to µh(sh), with the
function µh being known to both the sender and
the receiver. (iv) The sender communicates to
the receiver an action recommendation ah ∈ A
sampled according to φτh(θh), where τh ∈ Th
is the history up to step h. (v) The receiver
plays an action âh ∈ A, possibly different from
ah. (vi) The sender and the receiver get rewards
rR
h(sh, ah, θh) and rS

h(sh, ah, θh), respectively.
(vii) If h = H , the interaction ends, otherwise
the next state sh+1 ∼ ph(sh, âh, θh) is drawn and the interaction continues to step h + 1 starting
from the third point. As customary in the literature (see, e.g., [Bernasconi et al., 2022]), we assume
that, if the receiver does not follow recommendations at some step h ∈ H by playing an action
âh 6= ah, then the sender stops issuing future recommendations to the receiver.

For ease of presentation, we introduce the sender’s value function V S,φ
h : Th → R to encode

sender’s expected rewards by using a history-dependent signaling scheme φ := {φτ}τ∈T from
step h ∈ H onwards, assuming the receiver always follows recommendations. Given a history
τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to step h, such a value function is recursively defined as:

V S,φ
h (τ) =

∑
θ∈Θ

∑
a∈A

µh(θ|sh)φτ (a|θ)

(
rS
h(a, sh, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V S,φ
h+1(τ ⊕ (a, s′))

)
.

Similarly, we introduce the receiver’s action-value function V R,φ
h : A × Th → R to encode the

receiver’s expected rewards by following sender’s action recommendations from step h ∈ H onwards.
Formally, given a history τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to step h, the receiver’s expected
reward by following the recommendation to play a ∈ A is recursively defined as follows:

V R,φ
h (a, τ) =

∑
θ∈Θ

µh(θ|sh)φτ (a|θ)

(
rR
h(a, sh, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V R,φ
h+1(τ ⊕ (a, s′))

)
,

3In this paper, we let ∆(X) be the set of all the probability distributions over a finite setX , with d(x) denoting
the probability assigned to x ∈ X by a distribution d ∈ ∆(X). Moreover, given a function f : X → ∆(Y )
with X,Y any two finite sets, for every x ∈ X we denote by f(y|x) the probability that f(x) assigns to y ∈ Y .

4In this work, we use direct signaling schemes which send signals in the form of action recommendations for
the receiver. This is w.l.o.g. by well-known revelation principle arguments [Kamenica and Gentzkow, 2011].

5By a simple revelation-principle-style argument, we can focus w.l.o.g. on signaling schemes which depend
on histories that do not include the sequence of private observations observed by the sender.
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where V R,φ
h : Th → R is such that V R,φ

h (τ) =
∑
a∈A V

R,φ
h (a, τ) for every h ∈ H and τ ∈ Th.

Finally, we introduce an additional receiver’s value function, denoted by V̂ R
h : S → R, to encode

receiver’s expected rewards from step h ∈ H onwards after having deviated from recommendations.
Formally, for every state s ∈ S, such a value function is recursively defined as follows:

V̂ R
h (s) = max

a∈A

∑
θ∈Θ

µh(θ|s)

(
rR
h(a, s, θ) +

∑
s′∈S

ph(s′|s, a, θ)V̂ R
h+1(s′)

)
,

where the maximum operator encodes the fact that the receiver plays so as to maximize future rewards
without knowledge of realized sender’s private observations after having deviated.6

By the revelation principle [Kamenica and Gentzkow, 2011], it is well known that in order to find
an optimal signaling scheme it is possible to focus w.l.o.g. on (direct) history-dependent signaling
schemes under which the receiver is always incentivized to follow sender’s action recommendations.
These are called persuasive signaling scheme, and they are formally defined as follows:
Definition 1 (ε-persuasiveness). Let ε ≥ 0. A history-dependent signaling scheme φ := {φτ}τ∈T is
said to be ε-persuasive if, for every step h ∈ H, history τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to
step h, and pair of actions a, a′ ∈ A, the following holds:

V R,φ
h (a, τ) ≥

∑
θ∈Θ

µh(θ|sh)φτ (a|θ)

(
rR
h(sh, a

′, θ) +
∑
s′∈S

ph(s′|sh, a′, θ)V̂ R
h+1(s′)− ε

)
.

Moreover, we say that the signaling scheme is persuasive if the conditions above hold for ε = 0. We
denote the set of all the persuasive signaling schemes by Φ.

Whenever the sender commits to an ε-persuasive history-dependent signaling scheme, we assume that
the receiver always follows the recommendation issued by the sender. Notably, the recommended
action is guaranteed to provide the receiver expected rewards that are at worst ε less than those
attained by the best possible action.

In conclusion, the goal is to find an optimal signaling scheme for the sender, which is one achieving a
sender’s expected reward (from step one) V S,φ greater than or equal to OPT, defined as follows:

OPT := max
φ∈Φ

V S,φ, where we let V S,φ :=
∑
s∈S

β(s)V S,φ
1 ((s)).

3 History-dependent signaling schemes are necessary

Previous works studying Bayesian persuasion in MDPs [Wu et al., 2022, Gan et al., 2022a] focus on
Markovian signaling schemes, in which the action recommendation at step h only depends on the
current state sh and private observation θh. Indeed, considering this class of signaling schemes is
sufficient to optimize the utility of a sender facing a myopic receiver. Here, we show that this is not the
case when the receiver is farsighted. In particular, we show that non-stationary Markovian signaling
scheme are suboptimal. To do so, we show that there exists an MDP (see Appendix A) in which
the optimal persuasive signaling scheme is history-dependent.7 Intuitively, an history-dependent
signaling scheme can adjust action recommendations depending on the choices available to the
receiver in previous steps. Thus, if the receiver had profitable opportunities in the past, the sender
must provide a larger expected reward to the receiver in order to be persuasive. Otherwise, the sender
can aggressively maximize their expected rewards irrespective of receiver’s ones. Formally:
Theorem 1. There exist instances in which a persuasive history-dependent signaling scheme guar-
antees sender’s expected rewards strictly greater than that obtained by an optimal persuasive
non-stationary Markovian signaling scheme.

6Notice that, in all the steps reached after having deviated from recommendations, the receiver does not get any
clue about the sender’s private information, and, thus, their expected reward only depends on the current state (not
on the history). In other words, after deviating the receiver is playing a new MDP in which, by taking expectations
with respect to µh, rewards and transition probabilities are defined as r̃h(s, a) :=

∑
θ∈Θ µh(θ|s)rR

h(s, a, θ)

and p̃h(s′|s, a) :=
∑
θ∈Θ µh(θ|s)ph(s′|s, a, θ), respectively, for all h ∈ H, s ∈ S, a ∈ A, and s′ ∈ S.

7We defer to Appendix A the complete description of the instance, together with calculations of the optimal
signaling schemes (for each class) and their corresponding value functions.
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Moreover, we show that optimal non-stationary Markovian signaling schemes are NP-hard to ap-
proximate in polynomial time, even when the persuasiveness requirement is relaxed. This further
motivates the use of history-dependent signaling schemes when addressing Bayesian persuasion
problems in finite-horizon MDPs with a farsighted receiver. Formally, we prove the following:
Theorem 2. There exist two constants α < 1 and ε > 0 such that computing an ε-persuasive
non-stationary Markovian signaling that provides the sender with at least a fraction α of the optimal
sender’s expected reward OPT is NP-hard.

4 A sufficient subclass of efficiently-representable signaling schemes

Working with history-dependent signaling schemes begets unavoidable computational issues. These
are due to the fact that explicitly representing such signaling schemes requires a number of bits
growing exponentially in the size of the problem instance, since the number of possible histories
is exponential in the time horizon H . In this section, we show how to circumvent such an issue by
introducing a convenient subclass of signaling schemes—called promise-form signaling schemes—
which are efficiently representable while being as good as history-dependent ones. In particular,
our main result in this section (Theorem 3) shows that there always exists a promise-form signaling
scheme which results in sender’s expected rewards equal to its optimal value OPT.

4.1 Promise-form signaling schemes

A promise-form signaling scheme is defined by a set σ := {(Ih, ϕh, gh)}h∈H of triplets, where:

• Ih : S → 2[0,H] is a function defining, for every state s ∈ S, a finite set Ih(s) ⊆ [0, H] of
promises for step h ∈ H. We add the additional requirement that 0 ∈ I1(s) for all s ∈ S, and,
for ease of notation, we set IH+1(s) := {0} for every s ∈ S and I :=

⋃
h∈H

⋃
s∈S Ih(s).

• ϕh : S × I ×Θ→ ∆(A) is an action-recommendation strategy to be employed at step h ∈ H,
where ϕh(a|s, ι, θ) is the probability of recommending action a ∈ A in state s ∈ S when the
promise is ι ∈ Ih(s) and the sender’s private observation is θ ∈ Θ.

• gh : S × A × I × S → I is a promise function for step h ∈ H such that, whenever h ≤ H
and ι ∈ Ih(s), gh(s, a, ι, s′) ∈ Ih+1(s′) represents the promise for step h+ 1 if the next state
is s′ ∈ S and, at the current step h, action a ∈ A is recommended in state s ∈ S.8

Intuitively, the rationale behind promise-form signaling schemes is that, when reaching a state sh ∈ S
at step h ∈ H, the sender “promises” a value ι ∈ Ih(sh) to the receiver, representing a lower bound on
future rewards obtained by following recommendations. Moreover, sender’s action recommendations
only depend on the current state sh ∈ S, the sender’s private observation θh ∈ Θ, and the current
promise ι ∈ Ih(sh), through the distribution ϕh(sh, ιh, θh). Notice that it is always possible to
infer the current promise by looking at the history of past states and action recommendations, by
“composing” the functions gh′ for the steps h′ < h. This crucially avoids having to specify an explicit
dependency on the full history of past states and action recommendations.

Notice that a promise-form signaling scheme as defined above does not automatically guarantee that
the sender honestly keeps their promises. Indeed, in order to ensure that this is the case, we need to
enforce additional constraints on the components of the signaling scheme, as we show in Section 4.3.

Let us remark that representing promise-form signaling schemes requires a number of bits polynomial
in the size of the problem instance and in |I|, which is the cardinality of the set of promises. While
|I| could be arbitrarily large in general, the algorithm that we will present in the following Section 5
guarantees that |I| has “small” size, by means of a clever choice of the functions Ih.

4.2 From promise-form to history-dependent signaling schemes

In the following, we show how the sender can implement promise-form signaling schemes, proving
that they represent a subclass of history-dependent ones.

8Notice that, in order to completely specify a promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H, it is
sufficient to specify the functions ϕh and gh, since the functions Ih can always be inferred by looking at the
images of the functions gh. However, we included Ih in the definition of promise-form signaling schemes since
this will considerably ease notation when dealing with them in Sections 5 and 6.
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The sender can implement a promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H as follows.
After committing to σ (Line 1 of Algorithm 1), at each step h ∈ H, in Line 6 of Algorithm 1 they
select which action-recommendation strategy to use by reconstructing the current promise on the
basis of the history τh. Such a reconstruction is done by recursively “composing” functions gh′ for the
preceding steps h′ < h, by means of the procedure in Algorithm 2 with σ and τh as inputs. By letting
ι ∈ Ih(sh) be the continuation value obtained by running Algorithm 2, the action recommendation
ah in Line 6 is then sampled from ϕh(sh, ι, θh). Algorithm 2 clearly runs in time polynomial in the
instance size, and, thus, the sender can implement a promise-form signaling scheme efficiently.

Algorithm 2 From histories to promises

Require: σ := {(Ih, ϕh, gh)}h∈H,
τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th

1: Initialize ι← 0 ∈ I1(s1)
2: for each step h′ = 1, . . . , h− 1 do
3: ι← gh′(sh′ , ah′ , ι, sh′+1)

4: return ι

In the rest of this section, given a promise-form sig-
naling scheme σ := {(Ih, ϕh, gh)}h∈H, we denote
by φσ := {φστ }τ∈T the history-dependent signaling
scheme induced by σ thorough the implementation
procedure described above. Formally, for every his-
tory τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to
step h ∈ H, the function φστ : Θ→ ∆(A) is defined
so that φστ (θ) = ϕ(sh, ι

σ
τ , θ) for every θ ∈ Θ, where

ιστ ∈ Ih(sh) denotes the promise value correspond-
ing to history τ , as computed by Algorithm 2 with σ and τ as inputs. As it is easy to see, implementing
the promise-form signaling scheme σ as described above is equivalent to using φσ in Algorithm 1.

Next, we show that the value functions of the sender and the receiver associated with the induced
history-dependent signaling scheme φσ can be efficiently computed by only accessing the components
of the promise-form signaling scheme σ. In the following, given any σ := {(Ih, ϕh, gh)}h∈H, for
every step h ∈ H we introduce the functions VR,σ

h : A× S × I → R and VR,σ
h : S × I → R, which

are jointly recursively defined so that, for every a ∈ A, s ∈ S, and ι ∈ Ih(s), it holds:

VR,σ
h (a, s, ι) =

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)VR,σ
h+1(s′, gh(s, a, ι, s′))

)
and VR,σ

h (s, ι) =
∑
a∈A V

R,σ
h (a, s, ι). Similarly, VS,σ

h : S×I → R is such that, for s ∈ S, ι ∈ Ih(s):

VS,σ
h (s, ι)=

∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rS
h(s, a, θ)+

∑
s′∈S

ph(s′|s, a, θ)VS,σ
h+1(s′, gh(s, a, ι, s′))

)
.

Then, we can prove the following lemma:
Lemma 1. Given a promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H, for every h ∈ H and
history τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to step h, the following holds:

V R,φσ

h (a, τ) = VR,σ
h (a, sh, ι

σ
τ ), V R,φσ

h (τ) = VR,σ
h (sh, ι

σ
τ ), and V S,φσ

h (τ) = VS,σ
h (sh, ι

σ
τ ).

Intuitively, Lemma 1 establishes that the functions VR,σ
h , VR,σ

h , and VS,σ
h “correctly” encode the

value functions of the sender and the receiver for a promise-form signaling scheme σ, when it is
implemented according to the procedure described at the beginning of the section.

Finally, given how a promise-form signaling scheme σ is implemented, in the following we say that σ
is ε-persuasive (for some ε ≥ 0) if the induced history-dependent signaling scheme φσ is ε-persuasive
according to Definition 1. However, using such a definition to check whether σ is ε-persuasive is
clearly computationally inefficient, since it would require working with exponentially-many histories.
In Section 4.3, we introduce an easy way to ensure that a promise-form signaling scheme “keeps its
promises”, and we show that this allows to encode ε-persuasiveness constraints in an efficient way.

4.3 The power of honesty

Next, we introduce a particular class of promise-form signaling schemes which always guarantee that
the sender honestly (approximately) assures promised rewards to the receiver. We call η-honest the
promise-form signaling schemes with such a property, which are formally defined as follows:
Definition 2 (η-honesty). Let η ≥ 0. A promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H is
η-honest if, for every step h ∈ H, state s ∈ S, and promise ι ∈ Ih(s), the following holds:∑

a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
≥ ι− η. (1)
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Then, we can prove the following result on η-honest promise-form signaling schemes:
Lemma 2. Let σ := {(Ih, ϕh, gh)}h∈H be a promise-form signaling scheme. If σ is η-honest, then,
for every step h ∈ H and state s ∈ S , it holds that VR,σ

h (s, ι) ≥ ι− η(H − h+ 1) for all ι ∈ Ih(s).

Since by Lemma 1 the function VR,σ
h encodes the receiver’s value function when σ is implemented

by the sender, Lemma 2 intuitively establishes that, at each step h ∈ H and state s ∈ S , the signaling
scheme actually “keeps the promise” of giving at least ι ∈ Ih(s) future rewards to the receiver, up to an
error depending on η. Checking whether a promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H
is η-honest or not can be done in time polynomial in the instance size and |I|.
Now, we are ready to prove the following crucial lemma:
Lemma 3. Let σ := {(Ih, ϕh, gh)}h∈H be an η-honest promise-form signaling scheme such that,
for every h ∈ H, s ∈ S, ι ∈ Ih(s), and a, a′ ∈ A, the following constraint is satisfied:∑

θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
≥

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
. (2)

Then, we can conclude that σ is (ηH)-persuasive.

Intuitively, Lemma 3 states that for an η-honest promise-form signaling scheme, the constraint in
Equation (2) is equivalent to the one in Definition 1. The crucial advantage of Equation (2) is that it
allows to express persuasiveness conditions as “local” constraints which do not require recursion.

4.4 Promise-form signaling schemes are sufficient

Finally, by exploiting Lemma 3, we can prove the main result of this section: promise-form signaling
schemes represent a sufficient subclass of history-dependent ones. Formally:
Theorem 3. There is always a persuasive promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H
with sender’s expected reward equal to OPT. More formally, it holds that V S,φσ = OPT for the
history-dependent signaling scheme φσ induced by σ.

5 Approximation scheme

Theorem 3 shows that, in order to find an optimal signaling scheme, one can focus on promise-form
signaling schemes that have the nice property of being polynomially representable in the instance size
and the cardinality |I| of the set of promises. In this section, we show how to compute an ε-persuasive
promise-form signaling scheme with sender’s expected rewards at least OPT in polynomial time.

We design an algorithm working with sets Ih(s) defined on a suitable grid, whose size can be properly
controlled by a discretization step δ. The algorithm solves a recursively-defined optimization problem
for each h ∈ H, s ∈ S , and ι ∈ Ih(s), by starting from step H and proceeding in bottom up fashion.

For every step h ∈ H and state s ∈ S, the set Ih(s) of promises is defined as a suitable subset of a
gridDδ := {k δ | k ∈ N∧k ≤ bH/δc}, where δ > 0 is a discretization step to be set depending on the
desired relaxation ε of the persuasiveness constraints. This also allows us to control the representation
size of promise-form signaling schemes, as well as the running time of the algorithm. In particular,
it holds |Dδ| = O(1/δ) and, thus, |I| = O(1/δ) since I ⊆ Dδ by definition. In the following, for
ease of notation, we let dxeδ := mink∈N:kδ≥x kδ be the smallest multiple of δ greater than x, while
bxcδ := maxk∈N:kδ≤x kδ is the greatest multiple of δ smaller than x.

The algorithm keeps track of recursively-computed values in a set of tables, one for each step. The
table at step h ∈ H is encoded by means of a function M δ

h : S × Dδ → R ∪ {−∞}. Intuitively, for
every s ∈ S and ι ∈ Dδ , the entry Mδ

h(s, ι) is related to the expected rewards achieved by the sender
when “promising” the receiver expected rewards “approximately equal” to ι in state s at step h. We
also admit the functions Mδ

h to take value −∞, which semantically corresponds to the case in which
it is impossible to guarantee the promise ι to the receiver in state s at step h. The entry M δ

h(s, ι) of
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the table Mδ
h at step h is computed recursively by solving a problem Ph,s,ι(Mδ

h+1) that we define in
the following, where Mδ

h+1 is the (previously-computed) table at step h+ 1.

By letting M : S ×Dδ → R ∪ {−∞} be a function encoding a generic table over S ×Dδ , for every
step h ∈ H, state s ∈ S, and promise ι ∈ Ih(s), we define the value Πh,s,ι(M) of the optimization
problem Ph,s,ι(M) as follows:

Πh,s,ι(M) := max
κ:Θ→∆(A)
q:A×S→Dδ

Fh,s,M (κ, q) s.t. (κ, q) ∈ Ψh,s
ι ,

where problem variables are encoded by the functions κ : Θ→ ∆(A) and q : A× S → Dδ , which
represent an action-recommendation strategy and a promise function, respectively.9 The objective
function Fh,s,M (κ, q) of the optimization problem is defined as:

Fh,s,M (κ, q) :=
∑
θ∈Θ

∑
a∈A

µh(θ|s)κ(a|θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)M(s′, q(a, s′))

)
,

which encodes the sender’s expected reward when their values for the next step h + 1 are those
specified by the table M . We assume that 0 · (−∞) = −∞. Moreover, the set Ψh,s

ι is comprised of
the functions κ : Θ→ ∆(A) and q : A× S → Dδ that satisfy the following constraints:∑

a∈A

∑
θ∈Θ

µh(θ|s)κ(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)q(a, s′)

)
≥ ι (4a)

∑
θ∈Θ

µh(θ|s)κ(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)q(a, s′)

)
≥

∑
θ∈Θ

µh(θ|s)κ(a|θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
∀a, a′ ∈ A, (4b)

where Equation (4a) and Equation (4b) play the role of the honesty and the persuasiveness constraints,
respectively. Notice that relaxing the honesty constraint yields larger feasible sets. Formally, for any
ι ≥ ι′ ≥ 0 we have that the following holds: Ψh,s

ι ⊆ Ψh,s
ι′ .

If Fh,s,M (κ, q) = −∞ for all (κ, q) ∈ Ψh,s
ι , we have that Πh,s,ι(M) = −∞. This intuitively comes

from the fact that, if Πh,s,ι(M) = −∞, then the value ι promised to the receiver is not realizable.

The optimization problem Ph,s,ι(M) could be easily cast as a mixed-integer quadratic program,
which are too general to be solved efficiently. Thus, we need specifically-tailored procedures to find
an approximate solution to it. This discussion is deferred to Section 6. In the following, we assume
to have access to an oracle Oh,s,ι(M) that provides a suitable approximate solution to Ph,s,ι(M). In
particular, Oh,s,ι(M) must satisfy the requirements introduced by the following definition:
Definition 3 (Approximate Oracle). An algorithmOh,s,ι(M) is an approximate oracle for Ph,s,ι(M)

if it returns a tuple (κ, q, v) such that Πh,s,ι(M) ≤ v ≤ Fh,s,M (κ, q) and (κ, q) ∈ Ψh,s
ι−δ .

Intuitively, we ask that an approximate oracle finds a solution (κ, q) in a slightly larger set Ψh,s
ι−δ . The

oracle also returns a value v to be inserted into Mδ
h(s, ι), where v is possibly different from the value

Fh,s,M (κ, q) of the objective function. This is needed for technical reasons in order to recover some
concavity properties of the functions defining the tables used by the algorithm, which may be lost
due to approximations. A complete discussion on this last aspect can be found in Section 6.

Equipped with an approximate oracle as in Definition 3, we are ready to design our approximation
scheme that computes an ε-persuasive promise-form signaling scheme attaining sender’s expected
reward at least OPT (Algorithm 3). The algorithm iteratively builds each table M δ

h by filling it with
the values v returned by the approximate oracle. Moreover, it sets action-recommendation strategies
ϕh and promise functions gh of the signaling scheme σ := {(Ih, ϕh, gh)}h∈H to be equal to the
functions κ, q returned by the approximate oracle.

9The optimization problem over functions κ and q can be rewritten as an equivalent program with tabular
variables, since the functions κ and q map discrete sets to discrete sets (or a randomization over them).
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Algorithm 3 Approximation scheme

Require: δ ∈ (0, 1)
1: Mδ

H+1(s, 0)← 0 for all s ∈ S
2: Mδ

H+1(s, ι)← −∞ for s ∈ S , ι ∈ Dδ\{0}
3: for h = H, . . . , 1 do
4: for s ∈ S do
5: Ih(s) = {∅}
6: for ι ∈ Dδ do
7: (κ, q, v)← Oh,s,ι−δ(Mδ

h+1)

8: Mδ
h(s, ι)← v

9: ϕh(a|s, ι, θ)← κ(a|θ)
10: gh(s, a, ι, s′)← q(a, s′)
11: if v > −∞ then
12: Ih(s)← Ih(s) ∪ {ι}
13: return σ := {(Ih, ϕh, gh)}h∈H

In order to clarify the semantic of the tables Mδ
h

built by Algorithm 3, we prove the following pre-
liminary result, which states that the sender’s ex-
pected rewards for the signaling scheme returned
by Algorithm 3 constitute an upper bound on the
entries of the tables Mδ

h . Formally:

Lemma 4. Let σ := {(Ih, ϕh, gh)}h∈H be re-
turned by Algorithm 3 instantiated with any oracle
Oh,s,ι as in Definition 3. For every h ∈ H, s ∈ S ,
ι ∈ Ih(s), it holds that VS,σ

h (s, ι) ≥Mδ
h(s, ι).

Moreover, the entries of the tables Mδ
h built by

Algorithm 3 are upper bounds on the sender’s ex-
pected rewards provided by an optimal promise-
form signaling scheme. Formally:

Lemma 5. Let Mδ
h , Ih (for h ∈ H) be computed

by Algorithm 3 instantiated with any oracleOh,s,ι
as in Definition 3, and let σ? = {(I?h, ϕ?h, g?h)}h∈H be an optimal promise-form signaling scheme.
For every h ∈ H, s ∈ S, and ι ∈ I?h(s), it holds that dιeδ ∈ Ih(s) and Mδ

h(s, dιeδ) ≥ VS,σ?

h (s, ι).

By combining Lemma 5 and Lemma 4 we can promptly state and prove the main result of this section.

Theorem 4. For any ε > 0, given an approximate oracle as in Definition 3, Algorithm 3 instantiated
with δ = ε/2H runs in time polynomial in 1/ε and the instance size, while it finds an ε-persuasive
promise-form signaling scheme that guarantees expected reward at least OPT to the sender.

6 Building a polynomial-time approximate oracle

Algorithm 4 Approximate oracle
Require: δ ∈ (0, 1), h ∈ H, s ∈ S, ι ∈ Dδ,

M : S × Dδ → R
1: ifRh,s,ι(M) is feasible then
2: (κ, q̃)← Solution toRh,s,ι(M)

3: v ← F̃h,s,M (κ, q̃)
4: q ← bq̃Ecδ
5: else
6: (κ, q) arbitrary
7: v ← −∞
8: return (κ, q, v)

In the previous section, we described an approxima-
tion scheme (Algorithm 3) that works provided it
has access to an oracle that approximately solves the
problem Ph,s,ι(M) while satisfying the requirements
of Definition 3. In this section, we exploit the spe-
cific structure of the problem to design an algorithm
implementing such an oracle.

First, we relax the problem Ph,s,ι(M) into
Rh,s,ι(M), which optimizes the expected value of
the sender’s rewards over randomizations of promises
ι ∈ Dδ. Moreover, we define for all s′ ∈ S the set
Dδ(s′,M) = {ι ∈ Dδ : M(s′, ι) > −∞} as the
set of realizable promises, which semantically means
that those promises can be realized, conditioned on what is stored in the table M .10 Specifically,
the variables of Rh,s,ι(M) are encoded by a function κ : Θ → ∆(A) and a randomized function
q̃ : S ×A → ∆(Dδ). The objective function is

F̃h,s,M (κ, q̃) :=
∑
θ∈Θ

∑
a∈A

µh(θ|s)κ(a|θ)
(
rS
h(s, a, θ)+

∑
s′∈S

ph(s′|s, a, θ)
∑

ι′∈Dδ(s′,M)

q̃(ι′|a, s′)M(s′, ι′)

)
,

which modifies the objective function Fh,s,M (κ, q) of Ph,s,ι(M) by introducing the expectation over
the possible promises ι′ ∈ Dδ , which are randomized through q̃(ι′|a, s′).

To simplify notation, for any set X , table M , and randomized function λ : X × S → ∆(Dδ), we
denote by λE : X × S → co(Dδ) a quantity related to its average, where co denotes the convex
hull of a set. Formally, λE(x, s′) =

∑
ι′∈Dδ(s′,M) ι

′ · λ(ι′|x) for all x ∈ X . Moreover, we denote
by bλEcδ : X → Dδ its discrete average such that bλEcδ(x, s′) = bλE(x, s′)cδ for all x ∈ X and

10Note that set is always not empty when instantiating M = Mδ
h for some h ∈ H, as it always contains 0 for

all s′ ∈ S. This can be easily seen from Lemma 5 with ι = 0.
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s′ ∈ S . Notice that, for ease of notation, we drop the dependence of the operator E from M , as such
a dependence is always clear from the context.

By exploiting the notation introduced above, the relaxed optimization problemRh,s,ι(M) reads as:

Ωh,s,ι(M) := max
κ:Θ→∆(A)

q̃:A×S→∆(Dδ)

F̃h,s,M (κ, q̃) s.t. (κ, q̃E) ∈ Ψh,s
ι ,

where we relax the functions q̃ to be distributions over Dδ, rather than deterministic. Then, we can
prove the following:
Lemma 6. The problemRh,s,ι(M) can be solved in time polynomial in 1/δ and the instance size.

By relying on a solution (κ, q̃) toRh,s,ι(M), Algorithm 4 is an approximate oracle for Ph,s,ι(M). In
particular, when the relaxed problem is feasible, the algorithm returns k and the function q obtained
by de-randomizing the randomized function q̃ with its discrete average. Formally:
Theorem 5. For every h ∈ H, s ∈ S , and ι ∈ Dδ , if Algorithm 4 is used for all h′ > h as approximate
oracle Oh′,s,ι in Algorithm 3, then it implements an approximate oracle as in Definition 3.

Notice that the value v returned by Algorithm 4 is the optimal value of the relaxed problemRh,s,ι(M).
It is easy to prove (see the proof of Theorem 5) that the tables built by Algorithm 3 through Algorithm 4
are encoded by concave functions. This is the key feature that allows us to go from a randomized
solution to its discrete average without loss in sender’s expected rewards, and it is the reason why we
need to assume that Algorithm 4 is employed at every step h in Theorem 5.

7 Conclusion

In this paper, we provided a crucial advancement in Bayesian persuasion for sequential decision
making, mastering the setting in which a farsighted receiver interacts with an MDP, a problem that
was previously thought to be intractable [Wu et al., 2022, Gan et al., 2022a,b].

First, we have shown that the class of Markovian signaling schemes, the standard choice in previous
works and most MDP settings, do not constitute the “right” class of policies, since finding an optimal
Markovian signaling scheme is NP-hard. Instead, we demonstrated that history-dependent signaling
schemes allow to both circumvent the negative complexity result affecting Markovian signaling
schemes and guarantee higher expected rewards to the sender in general. Specifically, we designed
an algorithm to find an optimal ε-persuasive history-dependent signaling scheme in time polynomial
in 1/ε and in the instance size. The crucial component of the algorithm is to restrict the optimization
to a convenient subclass of history-dependent signaling schemes, which we call promise-form as they
encode the history into a promise of future rewards to the receiver. We showed that promise-form
signaling schemes are both efficient to represent and as powerful as the general class of history-
dependent signaling schemes. An interesting insight of our analysis reveals that being honest, i.e.,
keeping promises of future rewards, is the key to persuade farsighted receivers in MDPs.

As a future work, we will investigate the online learning variant of the problem studied in this paper,
as done in [Zu et al., 2021, Wu et al., 2022, Bernasconi et al., 2022], in which the transition function
is not known. Moreover, it would be interesting to study the problem faced by a sender that needs to
persuade a stream of receivers having adversarially-selected types, as done in [Balcan et al., 2015,
Castiglioni et al., 2020b, 2021b, Bernasconi et al., 2023].
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A History-dependent signaling schemes are necessary

In this section, we provide an illustrative MDP instance in which an history-dependent signaling
scheme is required in order to optimally solve a Bayesian persuasion problem with farsighted receiver.
This instance also proves Theorem 1. The instance is depicted in Figure 1. It is easy to check that the
receiver can achieve expected rewards

V̂ R
1 (s0) = 5, V̂ R

2 (s1) = 10, V̂ R
2 (s2) = 0, V̂ R

3 (s3) = 0, V̂ R
3 (s4) = 0,

without sender’s recommendations. If the sender commits to a non-stationary Markovian signaling
scheme φ? = {φh}h∈H, where φh : S × Θ → ∆(A), they can achieve an expected reward of
V S,φ? = V S,φ?

1 (s0) = 25 while being persuasive. The latter is obtained by recommending actions
deterministically as follows:11

φ?2(s2) = a1, φ?3(s3, θ0) = a0, φ?3(s3, θ1) = a0.

Instead, an history-dependent signaling scheme φ† := {φτ}τ∈T can provide the sender with an
expected reward of V S,φ† = V S,φ†

1 (s0) = 30 while being persuasive. This can only be obtained by
adapting the action recommendation strategy in state s3 according to whether the receiver passed
through state s1 or state s2, as follows:

φ†(s0,s1,s3)(θ0) = a0, φ†(s0,s1,s3)(θ1) = a0, φ†(s0,s2,s3)(θ0) = a0, φ†(s0,s2,s3)(θ1) = a1,

which makes the recommendation φ†(s0,s2) = a0 persuasive as well.

a0, a1

1
2

1
2

a0, a1 a0 a1

a0, a1

1
2

1
2

a0 a1 a0 a1

a0, a1

s0

s1 s2

s3 s4

θ0 θ1

rS=0
rR=10

rS=0
rR=−10

rS=0
rR=20

rS=20
rR=0

rS=100
rR=−20

rS=20
rR=0

Figure 1: Visual representation of a Bayesian persuasion problem defined over an MDP with
S = {s0, s1, s2, s3},A = {a0, a1},Θ = {θ0, θ1},H = [1, 2, 3], and β(s0) = 1. The probabilities
of the state transitions ph and the private observations µh are reported on the dashed edges. The
reward functions rS

h, r
R
h for the sender and the receiver, respectively, are reported on the solid edges,

when different from 0. For the sake of clarity, the visualization omits some irrelevant information,
such as private observations in s0, s1, s2, s4 and deterministic transitions.

11States where action selection is irrelevant are omitted for brevity.
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The latter example proves the existence of an MDP instance where history-dependent signaling
schemes are necessary. The reported instance does not require bizarre constructions, and we believe
that exploiting history to optimize action recommendations is crucial in practical scenarios as well.

Intuition of Figure 1. In such a scenario, the MDP in Figure 1 can model a ride-sharing platform,
where the drivers act as receivers and the platform is the sender. The platform can recommend routes
and matching orders with the drivers, which then share with the platform a portion of the profit
originating from the trips. In this example, s3 can be thought as a location with high demand that is
costly to reach, such as an airport terminal far from the city center. We can further think of the path
s1 → s3 as a driver’s trip to the airport while serving an order, and s2 → s3 as an empty trip instead.
The platform can then adapt its order matching strategy according to whether the driver suffered
empty costs or got a profit to come to the airport, such as guaranteeing a quick yet cheap match to the
former, while waiting a more lucrative trip for the latter. This adaptive strategy can only be executed
through an history-dependent signaling scheme. Instead, a Markovian signaling scheme cannot lure a
driver into coming to the airport without serving an order, with diminishing profits for the platform.

B Proofs omitted from Section 3

Theorem 2. There exist two constants α < 1 and ε > 0 such that computing an ε-persuasive
non-stationary Markovian signaling that provides the sender with at least a fraction α of the optimal
sender’s expected reward OPT is NP-hard.

Proof. We reduce from a promise version of vertex cover in cubic graphs. In particular, given a cubic
graph (V,E), there exists a γ ∈ (0, 2] such that it is NP-hard to decide whether there exists a vertex
cover of size k or all the vertex covers have size at least (1 + γ)k [Alimonti and Kann, 2000].

We design an instance such that the set of states S includes s0, s1, s2 and s3. Moreover, it includes a
state se for each e ∈ E, and a state sv for each v ∈ V . The time horizon is set as H = 3. All the
transition function and reward are independent from the time step h ∈ [H]. Hence, we will remove
the subscript h from the notation.

The rewards and transition in the different states are as follows:

• In state s0 there is a single state of nature θ0 and two actions a0,1 and a0,2. The transition
function is such that p(s3|s0, a0,1, θ0) = 1 while p(se|s0, a0,2, θ0) = 1

|E| for each e ∈ E.
The rewards of the receiver in state s0 are rR(a0,1, s0, θ0) = 1 and rR(a0,2, s0, θ0) = 0. The
rewards of the sender in state s0 are rS(a0,1, s0, θ0) = 0 and rS(a0,2, s0, θ0) = 1.

• In state s1, there is a single state of nature θ1 and a single actions a1. The transition function is
p(s2|s1, a1, θ1) = 1, while the rewards of the sender and the receiver in s1 are always 0.

• In state s2, there is a single state of nature θ2 and a single actions a2. The transition function is
p(sv|s2, a2, θ2) = 1

|V | for each v ∈ V . The sender’s and receiver’s rewards in s2 are 0.

• In state s3, there is a single state of nature θ3 and a single actions a3. The transition function is
such that p(s3|s3, a3, θ3) = 1. The rewards of the sender and the receiver in s3 are always 0.

• For each e = (v, u) ∈ E, in the state se, there is a single state of nature θe, and two actions ae,v
and ae,u. The transition function is such that p(sv|se, ae,v, θe) = 1 and p(su|se, ae,u, θe) = 1.
The rewards of the sender and the receiver in state se are 0.

• For each v ∈ V in the state sv, there are two states of nature θv,1 and θv,2. There are three
actions av,1, av,2, and av,3. The transition function is such that p(s3|sv, a, θ) = 1 for each
a and θ. The rewards of the receiver in sv are rR(sv, av,1, θv,1) = 1, rR(sv, av,2, θv,2) = 1,
rR(sv, av,3, θv,1) = rR(sv, av,3, θv,2) = 1

2 and 0 otherwise. The rewards of the sender in sv is
1
2 if the receiver plays av,3, i.e., rS(sv, av,3, θv,1) = rS(sv, av,3, θv,2) = 1

2 , and 0 otherwise.

• All nature’s states are drawn uniformly on the nature’s outcome at each node.

• Finally, the initial distribution over the states is β such that β(s0) = β(s1) = 1
2 .
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e1

e2

v1

v2 v3

Figure 2: Illustrative instance of a cubic graph (V,E).

In Figure 2 we have a simple instance of a cubic graph (undirected graph with degree bounded by 3),
and in Figure 3 we have the instance the persuasion MDP built from the cubic graph in Figure 2.

We recall that a non-stationary Markovian signaling scheme is defined by a set of functions {φh}h∈H,
where φh : S ×Θ→ ∆(A). However, we use both states s1 and s2 so that it takes two steps to arrive
in states sv both when starting from s0 and when starting from s1. Hence, each state s (excluding
the sink state s3) can be reached only with a specific time step h. This allows us to work only with
stationary signaling scheme, i.e., such that the signals do not depend on the time step. Hence, we can
remove the subscript h from the signaling scheme notation.

a1

a2

1
|V |

1
|V | 1

|V |

1
|E|

1
|E|

a0,2

ae1,v1 ae1,v2 ae2,v2 ae2,v3

a0,1

a3

s1

s2

sv1 sv2 sv3

se1 se2

s0

s3

Gv3Gv1

Gv2

rS=1
rR=0

rS=0
rR=1

(a) Instance of Bayesian Persuasion in MDP

rS=1/2

rR=1/2
rS=0
rR=0

rS=0
rR=1

rS=1/2

rR=1/2
rS=0
rR=1

rS=0
rR=0

1
2

1
2

av,1 av,2 av,3 av,1 av,2 av,3

sv

θ1 θ2

s3

Gv

(b) Gadget Gv

Figure 3: Instance of Bayesian persuasion in MDP constructed from the cubic graph (V,E) of Fig-
ure 2. Sender’s and receiver’s rewards are reported only when different from 0. Solid lines represents
actions (that are reported on the corresponding edges) while dashed lines represents stochastic
outcomes (either of the transition model or of the prior). For each v ∈ V the gadget Gv is re-
ported Figure 3b.

We will show that if there exists a vertex cover of size k then there exists a persuasive signaling
scheme such that the sender’s expected rewards is at least 3

4 −
k

4|V | , while if all the vertex covers have
size at least (1 + γ)k then all the ε-persuasive signaling schemes have sender’s expected rewards
strictly less than α

(
3
4 −

k
4|V |

)
, where ε = 1

3 · 10−4γ2 and α = 1 − γ
100 . This will conclude the
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proof as we could use an algorithm for our problem with approximation factor less or equal to α to
distinguish between the two cases of the original problem.

Completeness. Suppose there exists a vertex cover V ∗ of size k.

Consider the signaling scheme φ∗ such that φ∗(a0,2|s0, θ0) = 1, φ∗(a1|s1, θ1) = 1, φ∗(a2|s2, θ2) =
1, and φ∗(a3|s3, θ3) = 1. Moreover, by the definition of vertex cover , for each e ∈ E there exists a
vertex ve ∈ V ∗ such that ve ∈ e = (ve, u). We set φ∗(ae,ve |se, θe) = 1. Finally, for each v ∈ V ∗,
we set φ∗(av,1|sv, θv,1) = 1, φ∗(av,2|sv, θv,2) = 1, and φ∗(av,3|sv, θv,1) = φ∗(av,3|sv, θv,2) = 1
for all v /∈ V ∗.
First, we show that the signaling scheme is persuasive. Consider the state s0. The receiver following
the recommendations will always reach a state v ∈ V ∗ and in this state will get utility 1. It is easy to
see that playing action a0,1 the utility is 1. Hence, in state s0 the receiver will not deviate. In states
s1, s2, and s3, there is only one action available, hence the signaling scheme is trivially persuasive
in these states. In a state se, e ∈ E, the receiver has no incentive to deviate. Indeed, following the
recommendation they will transition to a state sv, v ∈ V ∗, and will get 1, while not following the
recommendation they can get at most 1. In all the states sv, for v ∈ V ∗, the receiver gets 1, while
deviating can get at most 1. Finally, in a state sv , v /∈ V ∗, the receiver gets 1

2 , while deviating can get
at most 1

2 . Hence, the signaling scheme is persuasive.

Moreover, the sender’s expected rewards for playing according to φ∗ is 1 if the initial state is s0, as in
this state the signaling scheme recommends a0,2. On the other hand, if the initial state is s1, then a
state sv with v ∈ V ∗ is reached with probability k/|V | and a state sv with v /∈ V ∗ is reached with
probability 1− k/|V |. Then, it is easy to see that the sender’s expected rewards in reaching a state sv
with v ∈ V ∗ is 0 and 1

2 otherwise. Thus the total sender’s expected rewards of the signaling scheme
φ∗ is:

1

2
+

1

4

(
1− k

|V |

)
=

3

4
− k

4|V |
.

Soundness. Consider a signaling scheme φ, and suppose that all the vertex covers have size at
least (1 + γ)k. We show that the sender’s expected rewards is strictly less than α

(
3
4 −

k
4|V |

)
. First,

notice that if the sender’s expected rewards is at least α
(

3
4 −

k
4|V |

)
it has to recommend a0,2 with

probability at least ` := 3/10, i.e., φ(a0,2|s0, θ0) ≥ 3
10 . Indeed, if this is not the case the sender’s

expected rewards is at most

1

2

3

10

(
1 +

1

2

)
+

1

2

1

2
=

19

50
<
α

2
≤ α

(
3

4
− k

4|V |

)
,

as it gives at most 1 + 1
2 from s0 when a0,2 is played (which happens with probability less then 3/10)

and 1
2 from s1. Thus we can only consider the cases in which φ(a0,2|s0, θ0) ≥ 3

10 .

Then, suppose that for n states se, e ∈ E, the receiver’s expected rewards following the recommen-
dations from there on is at most 1 − δ, where δ = γ/100. Denote with Ê ⊆ E be this set, where
|Ê| = n, and with Ẽ := E \ Ê. The ε-persuasiveness constraint in state s0 when the recommended
action is a0,2 implies:

φ(a0,2|s0, θ0)

[
n

|E|
(1− δ) +

(
1− n

|E|

)]
≥ φ(a0,2|s0, θ0)rS(a0,1, s0, θ0)− ε,

as the left hand side is an upper bound on the receiver’s expected rewards starting from s0. The
equation above implies that,

n

|E|
(1− δ) +

(
1− n

|E|

)
≥ 1− ε

`
,

and by rearranging it:

n ≤ |E|ε
`δ

=
1
3 |E|γ

210−4

3γ/1000
=
γ|E|
90

.
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Let Ṽ be the set of states sv, v ∈ V , such that the receiver’s expected rewards from there on is at
least 1− δ. Notice that for each state se, with e ∈ Ẽ, there exists a state sv, with v ∈ Ṽ , such that
v ∈ e, i.e., v covers e. This implies that Ṽ covers Ẽ.

By contradiction, we show that |Ṽ | ≥ (1 + γ)k − n. Suppose otherwise. Then, the set Ṽ is such
that |Ṽ | < (1 + γ)k − n and covers at least |Ẽ| edges. Hence, there exists a super-set of Ṽ of size
strictly smaller than (1 + γ)k that covers all the edges, reaching a contradiction. This holds as adding
a vertex v for each e = (v, u) ∈ Ê to Ṽ , we obtain a vertex cover of E.

Then, we show that in all the states sv, v ∈ Ṽ the sender’s expected rewards from there on is at
most δ. It is easy to see that action a3 is recommended with probability at most 2/δ in each state
sv , v ∈ Ṽ and the sender collects 1

2 . If this is not the case, the receiver’s expected rewards is strictly
smaller than 2δ 1

2 + (1− 2δ)1 = 1− δ. This implies that the sender’s expected rewards from a state
sv , v ∈ Ṽ is at most δ. A similar argument shows that the sender’s expected rewards from a state se,
e ∈ Ẽ, is at most δ.

We conclude the proof by showing an upper bound on the sender’s expected rewards. In the following,
we will exploit that the graph is cubic and |V | ≥ k ≥ |E|3 . Moreover, we assume w.l.o.g. that there
are no unconnected vertices, which implies that |E| ≥ |V |2 and thus that k ≥ |V |6 . Hence, the sender’s
expected rewards when the initial state is s0 is at most:

1 +
1

2

|Ê|
|E|

+ δ
|Ẽ|
|E|

= 1 +
1

2

n

|E|
+ δ

(
1− n

|E|

)
< 1 +

γ

180
+ δ.

Moreover, the sender’s expected rewards when the initial state is s1 is at most:

δ
|Ṽ |
|V |

+
1

2

(
|V | − |Ṽ |
|V |

)
≤ δ (1 + γ)k − n

|V |
+

1

2

(
1− (1 + γ)k − n

|V |

)
=

1

2
−
(

1

2
− δ
)

(1 + γ)k

|V |
+

1

2

n

|V |
− δn

|V |

<
1

2
−
(

1

2
− δ
)

(1 + γ)k

|V |
+

1

2

n

|V |

≤ 1

2
−
(

1

2
− δ
)

(1 + γ)k

|V |
+

1

2

γ|E|
90|V |

≤ 1

2
−
(

1

2
− δ
)

(1 + γ)k

|V |
+

γ

60
,

where we used that |Ṽ | ≥ (1 + γ)k − n, n ≤ γ|E|/90 and that |E|/|V | ≤ 3.

Thus, since we start from s0 or s1 with probability 1/2, the sender’s expected rewards is at most:

1

2

(
1 +

γ

180
+ δ+

1

2
−
(

1

2
− δ
)

(1 + γ)k

|V |
+

γ

60

)
<

3

4
− k

4|V |
+

γ

30
+
δ

2

(
1 +

(1 + γ)k

|V |

)
− γk

2|V |

≤ 3

4
− k

4|V |
+

γ

30
+
δ

2

(
1 +

3k

|V |

)
− γk

2|V |

≤ 3

4
− k

4|V |
+

γ

30
+
δ

2
(1 + 3)− γk

2|V |

≤ 3

4
− k

4|V |
+

γ

30
+

γ

50
− γk

2|V |

≤ 3

4
− k

4|V |
+ γ

8

150
− γk

2|V |

≤ 3

4
− k

4|V |
+ γ

8

150
− γ

12
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≤ 3

4
− k

4|V |
− 3

100
γ

≤ 3

4
− k

4|V |
− 3

100
γ

(
3

4
− k

4|V |

)
≤
(

1− γ

100

)(3

4
− k

4|V |

)
,

where we used that k ≥ |V |/6 and δ := γ/100.

This concludes the proof.

C Proofs omitted from Section 4

Lemma 1. Given a promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H, for every h ∈ H and
history τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to step h, the following holds:

V R,φσ

h (a, τ) = VR,σ
h (a, sh, ι

σ
τ ), V R,φσ

h (τ) = VR,σ
h (sh, ι

σ
τ ), and V S,φσ

h (τ) = VS,σ
h (sh, ι

σ
τ ).

Proof. The statement can be easily proved by induction on the stepsH.

The base case of the induction is h = H . By definition of V R,φσ
H (a, τ), for every action a ∈ A and

history τ = (s1, a1, . . . , sH−1, aH−1, sH) ∈ TH , the following holds:

V R,φσ
H (a, τ) =

∑
θ∈Θ

µH(θ|sH)φστ (a|θ)rR
H(sH , a, θ).

Since by construction φστ (θ) = ϕH(sH , ι
σ
τ , θ) for every θ ∈ Θ, we have that:

V R,φσ
H (a, τ) =

∑
θ∈Θ

µH(θ|sH)φστ (a|θ)rR
H(sH , a, θ)

=
∑
θ∈Θ

µH(θ|sH)ϕh(a|sH , ιστ , θ)rR
H(sH , a, θ)

= VR,σ
H (a, sH , ι

σ
τ ).

Now, take h < H and assume that the statement holds for h+ 1. By definition of V R,φσ

h (a, τ), for
every a ∈ A and τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th, it holds:

V R,φσ

h (a, τ) =
∑
θ∈Θ

µh(θ|sh)φστ (a|θ)

(
rR
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V R,φσ

h+1 (τ ⊕ (a, s′))

)
.

Moreover, for every s′ ∈ S , the relation V R,φσ

h+1 (τ ⊕ (a, s′)) = VR,σ
h+1(s′, ιστ⊕(a,s′)) holds by induction

since τ ⊕ (a, s′) belongs to Th+1. Given how Algorithm 2 is designed, it holds:

ιστ⊕(a,s′) = gh(sh, a, ι
σ
τ , s
′),

which, together with φστ (θ) = ϕh(sh, ι
σ
τ , θ) for every θ ∈ Θ, gives V R,φσ

h (a, τ) = VR,σ
h (a, sh, ι

σ
τ ).

Similar inductive arguments show that V S,φσ

h (τ) = VS,σ
h (sh, ι

σ
τ ) for every step h ∈ H and history

τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to h, concluding the proof.

Lemma 2. Let σ := {(Ih, ϕh, gh)}h∈H be a promise-form signaling scheme. If σ is η-honest, then,
for every step h ∈ H and state s ∈ S , it holds that VR,σ

h (s, ι) ≥ ι− η(H − h+ 1) for all ι ∈ Ih(s).

Proof. We prove the statement by induction.

The base case of the induction is h = H . Since σ is η-honest, for every s ∈ S and ι ∈ IH(s):

VR,σ
H (s, ι) =

∑
a∈A

∑
θ∈Θ

µH(θ|s)ϕH(a|s, ι, θ)rR
H(s, a, θ) ≥ ι− η.

18
7124015004https://doi.org/10.52202/075280-0658



Now, take h < H and assume that the statement holds for h+ 1. For every s ∈ S and ι ∈ Ih(s):

VR,σ
h (s, ι)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)VR,σ
h+1(s′, gh(s, a, ι, s′))

)

≥
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)(gh(s, a, ι, s′)− η(H − h))

)
≥ ι− η − η(H − h)

∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)
∑
s′∈S

ph(s′|s, a, θ)

= ι− η(H − h+ 1),

where the first inequality holds by induction, the second one by η-honesty, while the last equality
holds since

∑
θ∈Θ µh(θ|s)ϕh(a|s, ι, θ)

∑
s′∈S ph(s′|s, a, θ) = 1. This concludes the proof.

Lemma 3. Let σ := {(Ih, ϕh, gh)}h∈H be an η-honest promise-form signaling scheme such that,
for every h ∈ H, s ∈ S, ι ∈ Ih(s), and a, a′ ∈ A, the following constraint is satisfied:∑

θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
≥

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
. (2)

Then, we can conclude that σ is (ηH)-persuasive.

Proof. We recall that, for ε ≥ 0, the promise-form signaling scheme σ is ε-persuasive if the history-
dependent signaling scheme φσ := {φστ }τ∈T induced by σ is ε-persuasive according to Definition 1.

As a consequence, in order to prove the statement, we have to show that, for every step h ∈ H, history
τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th up to step h, and pair of actions a, a′ ∈ A, it holds:

V R,φσ

h (a, τ) ≥
∑
θ∈Θ

µh(θ|sh)φστ (a|θ)

(
rR
h(sh, a

′, θ) +
∑
s′∈S

ph(s′|sh, a′, θ)V̂ R
h+1(s′)− ε

)
.

By Lemma 1, we have that V R,φσ

h (a, τ) = VR,σ
h (a, sh, ι

σ
τ ). Moreover, the following holds:

VR,σ
h (a|sh, ιστ )

=
∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rR
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)VR,σ
h+1(s′, gh(sh, a, ι

σ
τ , s
′))

)

≥
∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rR
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ) (gh(sh, a, ι
σ
τ , s
′)− η(H−h))

)

≥
∑
θ∈Θ

µh(θ|s)ϕh(a|sh, ιστ , θ)

(
rR
h(sh, a

′, θ) +
∑
s′∈S

ph(s′|sh, a′, θ)V̂ R
h+1(s′)− η(H − h)

)
where the first inequality holds by Lemma 2, while the second one holds thanks to Equation 2. Finally,
the statement is readily proved by noticing that η(H − h) ≤ ηH .

Theorem 3. There is always a persuasive promise-form signaling scheme σ := {(Ih, ϕh, gh)}h∈H
with sender’s expected reward equal to OPT. More formally, it holds that V S,φσ = OPT for the
history-dependent signaling scheme φσ induced by σ.

Proof. The proof works by showing that, given any persuasive history-dependent signaling scheme,
one can always build an η-honest and persuasive promise-form signaling scheme whose sender’s
expected reward is at least as good. This, together with Lemma 1 clearly proves the statement.
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Given any persuasive history-dependent signaling scheme φ = {φτ}τ∈T , we build a promise-form
signaling scheme σ = {(Ih, ϕh, gh)}h∈H as follows:

• Ih(s) :=
{
V R,φ
h (τ) | τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th ∧ sh = s

}
for all h > 1, s ∈ S.

• ϕh(s, ι, θ) = φτ?h,s,ι(θ) for all h ∈ H, s ∈ S, ι ∈ Ih(s), and θ ∈ Θ, where:

τ?h,s,ι ∈ argmax
τ=(s1,a1,...,sh−1,ah−1,sh)∈Th:

sh=s∧V R,φ
h (τ)=ι

{
V S,φ
h (τ)

}
,

which is guaranteed to exist given how Ih(s) is defined.

• gh(s, a, ι, s′) = V R,φ
h+1(τ?h,s,ι ⊕ (a, s′)) for all h ∈ H, s ∈ S, a ∈ A, ι ∈ Ih(s), and s′ ∈ S.

As a first step, we prove that, if φ is persuasive, then the promise-form signaling scheme σ that we
have just built is persuasive as well. This can be easily proved by exploiting Lemma 3.

First, we prove that σ is an η-honest for η = 0. Formally, for every h ∈ H, s ∈ S, and ι ∈ Ih(s):

ι = V R,φ
h (τ?h,s,ι) (6)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)V R,φ
h+1(τ?h,s,ι ⊕ (a, s′))

)
(7)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
(8)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
, (9)

where Equation (6) holds by definition of τ?h,s,ι, Equation (7) holds by definition of V R,φ
h (τ?h,s,ι), Equa-

tion (8) holds by definition of gh(s, a, ι, s′), while Equation (9) holds by definition of ϕh(a|s, ι, θ).
This proves that σ is an η-honest promise-form signaling scheme, for η = 0.

In order to apply Lemma 3, we also need to to prove that σ satisfies the conditions in Equation (2).
By applying definitions, it is easy to check that, for every h ∈ H, s ∈ S, ι ∈ Ih(s), and a ∈ A:

V R,φ
h (a, τ?h,s,ι) =

∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)V R,φ
h+1(τ?h,s,ι ⊕ (a, s′))

)

=
∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)

=
∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
. (10)

Moreover, since φ is persuasive we have that, for every h ∈ H, s ∈ S, ι ∈ Ih(s), and a, a′ ∈ A:

V R,φ
h (a, τ?h,s,ι) =

∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)V R,φ
h+1(τ?h,s,ι ⊕ (a, s′))

)

≥
∑
θ∈Θ

µh(θ|s)φτ?h,s,ι(a|θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R,φ
h+1(s′)

)

=
∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R,φ
h+1(s′)

)
, (11)
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where the last equality holds by definition of ϕh(a|s, ι, θ). Then, by combining Equation (10) and
Equation (11), we get that, for every h ∈ H, s ∈ S, ι ∈ Ih(s), and a, a′ ∈ A:∑

θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)gh(s, a, ι, s′)

)
≥

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R,φ
h+1(s′)

)
,

which means that σ satisfies Equation (2). Thus, by Lemma 3 we can conclude that σ is persuasive.

In order to conclude the proof, it remains to show that σ achieves a sender’s expected reward at least
as good as that obtained by φ. Formally, we prove that V S,φσ

h (τ) ≥ V S,φ
h (τ) for every step h ∈ H

and history τ ∈ Th up to h. We will prove such a result by induction.

The base case of the induction is h = H . For every τ = (s1, a1, . . . , sH−1, aH−1, sH) ∈ TH :

V S,φ
H (τ) ≤ V S,φ

H (τ?H,sH ,ιστ )

=
∑
a∈A

∑
θ∈Θ

µH(θ|sH)φτ?
H,sH,ι

σ
τ

(a|θ)rS
H(sH , a, θ)

=
∑
a∈A

∑
θ∈Θ

µH(θ|sH)ϕH(a|sH , ιστ , θ)rS
H(sH , a, θ)

= VS,σ
H (sH , ι

σ
τ )

= V S,φσ
H (τ),

where the last equality holds by Lemma 1.

Now, let us take h < H and assume that the statement that we want to prove holds for h+ 1. Then,
for every τ = (s1, a1, . . . , sh−1, ah−1, sh) ∈ Th, it holds:

V S,φ
h (τ) ≤ V S,φ

h (τ?h,sh,ιστ ) (12)

=
∑
a∈A

∑
θ∈Θ

µh(θ|sh)φτ?
h,sh,ι

σ
τ

(a|θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)V S,φ
h+1(τ?h,sh,ιστ ⊕ (a, s′))

)

=
∑
a∈A

∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rS
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V S,φ
h+1(τ?h,sh,ιστ ⊕ (a, s′))

)
(13)

≤
∑
a∈A

∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rS
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V S,φ
h+1(τ?h+1,s′,gh(sh,a,ιστ ,s

′))

)
(14)

≤
∑
a∈A

∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rS
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)V S,φσ

h+1 (τ?h+1,s′,gh(sh,a,ιστ ,s
′))

)
(15)

≤
∑
a∈A

∑
θ∈Θ

µh(θ|sh)ϕh(a|sh, ιστ , θ)

(
rS
h(sh, a, θ) +

∑
s′∈S

ph(s′|sh, a, θ)VS,σ
h+1(s′, gh(sh, a, ι

σ
τ , s
′))

)
(16)

= VS,σ
h (sh, ι

σ
τ )

= V S,φσ

h (τ). (17)

where Equation (12) holds by definition of τ?h,sh,ιστ for the promise ιστ ∈ Ih(sh), Equation (13) holds
by definition of ϕh(sh, ι

σ
τ , θ), Equation (14) holds by definition of τ?h+1,s′,gh(sh,a,ιστ ,s

′) together with

the fact that gh(sh, a, ι
σ
τ , s
′) = V R,φ

h+1(τ?h,sh,ιστ ⊕ (a, s′)), Equation (15) holds by induction, while
Lemma 1 proves Equation (16) and Equation (17).
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The proof is completed by applying the definition of OPT.

D Proofs omitted from Section 5

Lemma 4. Let σ := {(Ih, ϕh, gh)}h∈H be returned by Algorithm 3 instantiated with any oracle
Oh,s,ι as in Definition 3. For every h ∈ H, s ∈ S, ι ∈ Ih(s), it holds that VS,σ

h (s, ι) ≥Mδ
h(s, ι).

Proof. Let σ = {(Ih, ϕh, gh)}h∈H be the promise-form signaling scheme returned by Algorithm 3
instantiated with an approximate oracleOh,s,ι as in Definition 3, and let (κ, q, v)← Oh,s,ι−δ(M δ

h+1).
We prove the statement by induction. The base case for h = H of the induction holds trivially. Then,
for every h < H , s ∈ S, and ι ∈ Ih(s), assuming the statement holds for h+ 1 we have that:

VS,σ
h (s, ι) =

∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)VS,σ
h+1(s′, gh(s, a, ι, s′))

)

≥
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕh(a|s, ι, θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)Mδ
h+1(s′, gh(s, a, ι, s′))

)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)κ(a|θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)Mδ
h+1(s′, q(a, s′)))

)
= Fh,s,Mδ

h+1
(κ, q)

≥ v = Mδ
h(s, ι)

where the first inequality holds by the the inductive assumption, while the second inequality holds
thanks to Definition 3.

Lemma 5. Let Mδ
h , Ih (for h ∈ H) be computed by Algorithm 3 instantiated with any oracle Oh,s,ι

as in Definition 3, and let σ? = {(I?h, ϕ?h, g?h)}h∈H be an optimal promise-form signaling scheme.
For every h ∈ H, s ∈ S, and ι ∈ I?h(s), it holds that dιeδ ∈ Ih(s) and Mδ

h(s, dιeδ) ≥ VS,σ?

h (s, ι).

Proof. We prove by induction that Mδ
h(s, dιeδ) ≥ Vσ

?

h (s, ι) for all h ∈ H, s ∈ S,and ι ∈ I?h(s).

As a base for the induction, we consider h = H . Notice that MH(s, dιeδ) is an upper bound on the
solution of PH,s,bιcδ(Mδ

H+1) (this holds by Definition 3). Moreover, κ̂(a|θ) = ϕ?H(a|s, ι, θ) and
q̂(a, s′) = 0 is a feasible solution to PH,s,bιcδ(Mδ

H+1) and so (κ̂, q̂) ∈ Ψh,s
bιcδ ⊆ Ψh,s

ι−δ. This readily

implies that M δ
H(s, dιeδ) ≥ VS,σ?

H (s, ι), since:

Mδ
H(s, dιeδ) = v

≥ Πh,s,ι−δ(M
δ
H+1)

= max
(κ,q)∈Ψι−δ

Fh,s,Mδ
H+1

(κ, q)

≥ Fh,s,Mδ
H+1

(κ̂, q̂) = Vσ
?

H (s, ι).

As for the inductive step, consider any h < H . First, we show that κ̂(a|θ) = ϕ?h(a|s, ι, θ) and
q̂(a, s′) = dg?h(s, a, ι, s′)eδ is a feasible solution to Ph,s,bιcδ(Mδ

h+1). Then, we show that it gets
expected rewards larger than VS,σ?

h (s, ι).

First we prove feasibility of (κ̂, q̂). Consider first the constraint of Equation (4a).

∑
a∈A

∑
θ∈Θ

µh(θ|s)κ̂(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)q̂(a, s′)

)

=
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕ?h(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)dg?h(s, a, ι, s′)eδ

)
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≥
∑
a∈A

∑
θ∈Θ

µh(θ|s)ϕ?h(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)g?h(s, a, ι, s′)

)
≥ ι ≥ bιcδ,

which proves that (κ̂, q̂) satisfies the constraint of Equation (4a).

Now, let us turn our attention to the constraint of Equation (4b):∑
θ∈Θ

µh(θ|s)κ̂(a|θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)q̂(a, s′)

)

=
∑
θ∈Θ

µh(θ|s)ϕ?h(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)dg?h(s, a, ι, s′)eδ

)

≥
∑
θ∈Θ

µh(θ|s)ϕ?h(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)g?h(s, a, ι, s′)

)

≥
∑
θ∈Θ

µh(θ|s)ϕ?h(a|s, ι, θ)

(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)V̂ R
h+1(s′)

)
,

which proves (κ̂, q̂) satisfies the constraint of Equation (4b) and thus Ph,s,bιcδ(M δ
h+1) is feasible,

i.e., (κ̂, q̂) ∈ Ψbιcδ ⊂ Ψι−δ .

Now, we prove that it gets expected rewards larger than σ?.

Mh(s, dιeδ) = v

≥ ΠH,s,ι−δ(M
δ
h+1)

= max
(κ,q)∈Ψι−δ

Fh,s,Mδ
h+1(κ,q)

≥ Fh,s,Mδ
h+1

(κ̂, q̂)

=
∑
θ∈Θ

∑
a∈A

µh(θ|s)κ̂(a|θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)Mδ
h+1(s′, q̂(a, s′))

)

=
∑
θ∈Θ

∑
a∈A

µh(θ|s)ϕ?h(a|θ, ι, θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)Mδ
h+1(s′, dg?h(s, a, ι, s′)eδ)

)

≥
∑
θ∈Θ

∑
a∈A

µh(θ|s)ϕ?h(a|θ, ι, θ)

(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)Vs,σ
?

h+1 (s′, g?h(s, a, ι, s′))

)
= VS,σ?(s′, ι)

where we used the induction assumption in the second inequality.

In conclusion, for every ι ∈ I?h(s), it holds Vσ?h (s, ι) ≥ 0, and, thus, Mδ
h(s, dιeδ) ≥ 0, implying that

Ph,s,ι−δ is feasible and thus ι ∈ Ih(s)

Theorem 4. For any ε > 0, given an approximate oracle as in Definition 3, Algorithm 3 instantiated
with δ = ε/2H runs in time polynomial in 1/ε and the instance size, while it finds an ε-persuasive
promise-form signaling scheme that guarantees expected reward at least OPT to the sender.

Proof. First of all we need to prove that the σ returned by Algorithm 3 is indeed a promise-form
signaling scheme. All the properties are trivially satisfied except for i) gh(s, a, ι, s′) ∈ Ih+1(s′) for
each s ∈ S, a ∈ A, s′ ∈ S, and ι ∈ Ih(s), and ii) 0 ∈ I1(s) for each s.

We start proving the first property. Let s ∈ S, a ∈ A, s′ ∈ S, and ι ∈ Ih(s). Since ι ∈ Ih(s), by the
definition of Algorithm 3 it holds that v > −∞, where (κ, q, v)← Oh,s,ι−δ(Mδ

h+1) is the solution
returned by the call to the oracle. It is easy to see that this implies that M δ

h+1(s′, q(a, s′)) > −∞.
We consider two cases.
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• If h = H , then we have by construction that Mδ
h+1(s′, q(a, s′)) > −∞ if and only if

q(a, s′) = 0. Thus, gh(s, a, ι, s′) = q(a, s′) = 0 ∈ IH+1(s′).

• If h < H , then we Mδ
h+1(s′, q(a, s′)) > −∞ implying that v′ > −∞, where (κ′, q′, v′)←

Oh+1,s′,q(a,s′)−δ(M
δ
h+2) is the solution returned by the call to the oracle at step h+ 1. By

the definition of Algorithm 3, this implies that q(a, s′) ∈ Ih+1(s′). Thus, gh(s, a, ι, s′) =
q(a, s′) ∈ IH+1(s′).

Now, we prove the second property. We only need to prove that for all s ∈ S we have 0 ∈ I1(s)
but this is easily proved by Lemma 5 instantiated for h = 1 and ι = 0. Indeed we have that
Mδ

1 (s, 0) ≥ VS,σ?

h (s, 0), where we recall that Mδ
1 (s, 0) = v and (κ, q, v)← Oh,s,−δ(M δ

2 ). By the
definition of Algorithm 3 this implies that 0 ∈ I1(s).

Then, we prove the persuasiveness. By Lemma 3 we only need to prove that σ := {(Ih, ϕh, gh)}h∈H
satisfies the constraint of Equation 2 and that are η-honest for some η. This holds trivially for η = 2δ
as for all h ∈ H, s ∈ S and ι ∈ Ih(s) we have by construction that for all h ∈ H, s ∈ S and
ι ∈ Ih(s), and (κ, q, v)← Oh,s,ι−δ(Mδ

h+1) we have

ϕh(a|s, ι, θ) = κ(a|θ), gh(s, a, ι, s′) = q(a, s′)

and by construction (κ, q) ∈ Ψh,s
ι−2δ. This implies that the constraints of Equation (4a) and Equa-

tion (4b) are verified and we can apply Lemma 3 which let us conclude that σ is (2δH)-persuasive.

We now prove the optimality of the signaling scheme σ returned by Algorithm 3. By combining
Lemma 4 and Lemma 5 we have that for all s ∈ S, h ∈ H and ι ∈ I?h(s)

VS,σ
h (s, dιeδ) ≥ VS,σ?

h (s, ι).

Then:

OPT ≤ V S,φσ
?

=
∑
s∈S

β(s)V S,φσ
?

1 ((s))

=
∑
s∈S

β(s)VS,φσ
?

1 (s, 0)

≤
∑
s∈S

β(s)VS,σ
1 (s, 0)

=
∑
s∈S

β(s)V S,φσ
1 (s, 0)

= V S,φσ ,

which proves our statement.

E Proofs omitted from Section 6

In this section we prove that the optimization problemRh,s,ι(M) admits a polynomial time algorithm
that finds an exact solution. We rewrite here for clarity the problemRh,s,ι(M):

max
κ:Θ→∆(A)

q̃:A×S→∆(Dδ)

∑
θ∈Θ

∑
a∈A

µh(θ|s)κ(a|θ)
(
rS
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)
( ∑
ι′∈Dδ(s′,M)

q̃(ι′|a, s′)M(s′, ι′)

))
(18a)

s.t.
∑
a∈A

∑
θ∈Θ

µh(θ|s)κ(a|θ)
(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)
( ∑

ι′∈Dδ(s′,M)

ι′ · q̃(ι′|a, s′)
))
≥ ι (18b)

∑
θ∈Θ

µh(θ|s)κ(a|θ)
(
rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)
( ∑

ι′∈Dδ(s′,M)

ι′ · q̃(ι′|a, s′)
))
≥
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∑
θ∈Θ

µh(θ|s)κ(a|θ)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
∀a, a′ ∈ A. (18c)

Even if the optimization problem is defined over functions, clearly we can represent the functions κ
and q with finite number of variables with linear constraints (to assure that the the function’s outputs
are distributions). In order to handle the quadratic terms ofRh,s,ι(M) we define a “product” variable
za,s′,ι for every a ∈ A, s′ ∈ S, and ι ∈ Dδ(s′,M), which is used in place of∑

θ∈Θ

µh(θ, s)κ(a|θ)ph(s′|s, a, θ)q̃(ι′|a, s′)

in Program 18a and has to satisfy the constraint for all a ∈ A and s′ ∈ S:∑
ι′∈Dδ(s′,M)

za,s′,ι′ :=
∑
θ∈Θ

µh(θ, s)κ(a|θ)ph(s′|s, a, θ).

For the linear variable we can introduce the non-negative variables ξa,θ = κ(a|θ) for each θ ∈ Θ and
a ∈ A, that need to satisfy the simplex constraint for all θ ∈ Θ, i.e.,

∑
a∈A ξa,θ = 1. By using these

variables we can write the problem as an LPh,s,ι(M):

max
ξa,θ∈R+,
za,s′,ι′∈R+

∑
a∈A

∑
θ∈Θ

ξa,θµh(θ|s)rS
h(s, a, θ) +

∑
s′∈S

∑
a∈A

∑
ι′∈Dδ(s′,M)

za,s′,ι′M(s′, ι′) (19a)

s.t.
∑
a∈A

∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
s′∈S

∑
a∈A

∑
ι′∈Dδ(s′,M)

ι′ · za,s′,ι′ ≥ ι (19b)

∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
s′∈S

∑
ι′∈Dδ(s′,M)

ι′ · za,s′,ι′ ≥

∑
θ∈Θ

ξa,θµh(θ|s)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
∀a, a′ ∈ A (19c)∑

ι′∈Dδ(s′,M)

za,s′,ι′ =
∑
θ∈Θ

µh(θ, s)ξa,θph(s′|s, a, θ) ∀s′ ∈ S,∀a ∈ A (19d)

∑
a∈A

ξa,θ = 1 ∀θ ∈ Θ. (19e)

Since LPh,s,ι(M) has polynomial number of variable and constraints one can find a solution in
polynomial time.

The next two lemmas show that one can use LPh,s,ι(M). The first shows that any solution to
Rh,s,ι(M) can be used to find a solution to LPh,s,ι(M).

Lemma 7. Let (κ, q) ∈ Ψh,s
ι be a feasible solution toRh,s,ι(M), then there exists a feasible solution

to LPh,s,ι(M) with the same value.

Proof. Let (κ, q̃) be a feasible solution toRh,s,ι(M). Then define:

za,s′,ι′ :=
∑
θ∈Θ

µh(θ, s)κ(a|θ)ph(s′|s, a, θ)q̃(ι′|a, s′),∀a ∈ A, s′ ∈ S, ι′ ∈ Dδ(s′,M),

and
ξa,θ := κ(a|θ),∀a ∈ A, θ ∈ Θ.

Then one can show by direct calculation that all the constraints of LPh,s,ι(M) are satisfied and that
the objective value of LPh,s,ι(M) is Ωh,s,ι(M) (which is the value of programRh,s,ι(M)).

The next lemma show a result which is “complementary” to the one above.
Lemma 8. Given a feasible solution of LPh,s,ι(M) one can find a solution to Rh,s,ι(M) with at
least the same value.
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Proof. Given a feasible solution z and ξ to LPh,s,ι(M). Construct a solution (κ, q̃) toRh,s,ι(M) as
follow for each ι′ ∈ Dδ(s′,M), a ∈ A and s ∈ S:

q̃(ι′|a, s′) :=


za,s′,ι′∑

θ∈Θ

µh(θ,s)ξa,θph(s′|s,a,θ) if
∑
θ∈Θ

µh(θ, s)ξa,θph(s′|s, a, θ) > 0

I(ι′ = 0) otherwise

and for all a ∈ A and θ ∈ Θ:
κ(a|θ) = ξa,θ.

Notice that if for a specific h ∈ H, s ∈ S, s′ ∈ S and a ∈ A, the constraint of Equation (19d) impose
that if

∑
θ∈Θ µh(θ, s)ξa,θph(s′|s, a, θ) = 0 then za,s′,ι′ = 0 for all ι′. This means that in any case

the following condition holds:

za,s′,ι′ =
∑
θ∈Θ

µh(θ, s)ξa,θph(s′|s, a, θ)q̃(ι′|a, s′). (20)

We now fix any h ∈ H, s ∈ S and ι ∈ Dδ show that the constraints of Rh,s,ι(M) are satisfied, by
using Equation (20). Let us start with the constraint of Equation (18b):∑

a∈A

∑
θ∈Θ

µh(θ|s)κ(a|θ)

rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)

 ∑
ι′∈Dδ(s′,M)

ι′ · q̃(ι′|a, s′)


=
∑
a∈A

∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
a∈A

∑
θ∈Θ

∑
ι∈Dδ(s′,M)

∑
s′∈S

ι′ξa,θµh(θ|s)ph(s′|s, a, θ)q̃(ι′|a, s′)

=
∑
a∈A

∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
a∈A

∑
s∈S

∑
ι∈Dδ(s′,M)

ι′ · za,s′,ι′

≥ ι,
where the last inequality hold as (z, ξ) is a feasible solution to LPh,s,ι(M). This proves that the
constraint of Equation (18b) is satisfied.

For Equation (18c) similarly:∑
θ∈Θ

µh(θ|s)κ(a|θ)

rR
h(s, a, θ) +

∑
s′∈S

ph(s′|s, a, θ)

 ∑
ι′∈Dδ(s′,M)

ι′ · q̃(ι′|a, s′)


=
∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
θ∈Θ

∑
ι∈Dδ(s′,M)

∑
s′∈S

ι′ξa,θµh(θ|s)ph(s′|s, a, θ)q̃(ι′|a, s′)

=
∑
θ∈Θ

ξa,θµh(θ|s)rR
h(s, a, θ) +

∑
θ∈Θ

∑
ι∈Dδ(s′,M)

∑
s′∈S

ι′ · za,s′,ι′

≥
∑
θ∈Θ

ξa,θµh(θ|s)

(
rR
h(s, a′, θ) +

∑
s′∈S

ph(s′|s, a′, θ)V̂ R
h+1(s′)

)
,

where in the last inequality we used that (z, ξ) is a feasible solution to LPh,s,ι(M). Thus the constraint
of Equation (18c) is verified. This proves that (κ, q̃) is feasible for Rh,s,ι(M). Then, by plugging
Equation (20) into the objective ofRh,s,ι(M) one directly prove that the values of the two problems
is the same.

Now we are ready to prove the main result of this section:
Lemma 6. The problemRh,s,ι(M) can be solved in time polynomial in 1/δ and the instance size.

Proof. Take a solution (z, ξ) to LPh,s,ι(M). This can be done in polynomial time as LPh,s,ι(M)
is a linear program with polynomial many variables and constraints. Then apply to the solution
(z, ξ) the trasformation used in Lemma 8 to obtain a feasible solution toRh,s,ι(M). This gives an
optimal solution to Rh,s,ι(M). To prove the last result, assume that there would exists a feasible
solution (κ′, q̃′) toRh,s,ι(M) such that F̃h,s,M (κ′, q̃′) > F̃h,s,M (κ, q̃), and apply the trasformation
defined in Lemma 7. This would find a solution (z′, ξ′) strictly better then (z, ξ) which contradicts
the optimality of (z, ξ) for LPh,s,ι(M).

26
7124815012https://doi.org/10.52202/075280-0658



Theorem 5. For every h ∈ H, s ∈ S , and ι ∈ Dδ , if Algorithm 4 is used for all h′ > h as approximate
oracle Oh′,s,ι in Algorithm 3, then it implements an approximate oracle as in Definition 3.

Proof. Fix any h̄ ∈ H, s̄ ∈ S and ῑ ∈ Dδ . We show that for h = h̄+1, s ∈ S and for any distribution
γ ∈ ∆(Dδ), it holds that:

M δ
h

(
s, b
∑
ι∈Dδ(s,Mδ

h) ιγ(ι)cδ
)
≥
∑
ι∈Dδ(s,Mδ

h) γ(ι)M δ
h(s, ι), (21)

where the table Mδ
h is the one built by Algorithm 3 with oracle of Algorithm 4.

Define ιE :=
∑
ι∈Dδ(s,Mδ

h) ι · γ(ι). Then for every ι, ι′ ∈ Dδ and ι′ ≤ ι we have that

Ωh,s,ι′(M
δ
h) ≥ Ωh,s,ι(M

δ
h),

as ι it only appears in the RHS of the constraint of the problemRh,s,ι(Mδ
h).

By construction of Algorithm 3 we have that:

M δ
h(s, ι) = Ωh,s,ι(M

δ
h+1),

and that by Lemma 7 and Lemma 8, Ωh,s,ι(M
δ
h+1) is equal to the value of LPh,s,ι(M) described by

Equations (19), for each ι. This means that the function ι 7→ Ωh,s,ι(M
δ
h+1) is concave [Bertsekas,

1998, Theorem 5.1].

Thus for every distribution γ ∈ ∆(Dδ) we have:

Ωh,s,(
∑
ι∈Dδ

ι·γ(ι))(M
δ
h+1) ≥

∑
ι∈Dδ

γ(ι) · Ωh,s,ι(Mδ
h+1).

Observe that we cannot apply directly the above concavity property as, for every s ∈ S, in Equa-
tion (21) we are only selecting the components of γ such that M δ

h > −∞.

To solve this problem we can, for any distribution γ ∈ ∆(Dδ), table M and s ∈ S. define the new
distribution γ̃ onDδ(s,M) that puts all the mass on the−∞ components ofM on 0. Formally γ̃(ι) =
γ(ι) for all ι ∈ Dδ(s,M), and γ̃(0) = γ(0) +

∑
ι∈Dδ\Dδ(s,M) γ(ι). Note that with this definition

we have ιE =
∑
ι∈Dδ(s,M) ι · γ̃(ι) and

∑
ι∈Dδ(s,M) γ(ι)Ωh,s,ι(M) ≤

∑
ι∈Dδ(s,M) γ̃(ι)Ωh,s,ι(M).

Combining these inequalities we can conclude that:

M δ
h(s, b

∑
ι∈Dδ(s,Mδ

h) ιγ(ι)cδ) = Ωh,s,bιEcδ(M
δ
h+1)

≥ Ωh,s,ιE(Mδ
h+1)

≥
∑

ι∈Dδ(s,Mδ
h)

γ̃(ι) · Ωh,s,ι(M δ
h+1)

≥
∑

ι∈Dδ(s,Mδ
h)

γ(ι) · Ωh,s,ι(M δ
h+1)

=
∑

ι∈Dδ(s,Mδ
h)

γ(ι) ·Mδ
h(s, ι),

where the last inequality follows since it is easy to see that Ωh,s,0(Mδ
h+1) ≥ 0 and the last equality

follows from Lemma 7. This proves Equation (21).

Now assume that (κ, q̃) is a the optimal solution to Rh̄,s̄,ῑ(M δ
h̄+1

). Clearly if (κ, q̃E) ∈ Ψh̄,s̄
ῑ then

(κ, q) ∈ Ψh̄,s̄
ῑ−δ , where q = bq̃Ecδ .

Using the inequality of Equation (21) we can readily perform the following inequalities:

Fh̄,s̄,Mδ
h̄+1

(κ, q)

=
∑
θ∈Θ

∑
a∈A

µh(θ|s̄)κ(a|θ)

(
rS
h(s̄, a, θ) +

∑
s′∈S

ph(s′|s̄, a, θ)Mδ
h̄+1(s′, q(a, s′))

)
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≥
∑
θ∈Θ

∑
a∈A

µh(θ|s̄)κ(a|θ)
(
rS
h(s̄, a, θ) +

∑
s′∈S

ph(s′|s̄, a, θ)
∑

ι′∈Dδ(s̄,Mδ
h̄+1

)

q̃(ι′|a, s′)Mδ
h̄+1(s′, ι′)

)
= F̃h̄,s̄,Mδ

h̄+1
(κ, q̃)

= v

= Ωh̄,s̄,ῑ(M
δ
h̄+1)

≥ Πh̄,s̄,ῑ(M
δ
h̄+1)

and thus Algorithm 4 returns a tuple that satisfies the conditions required by Definition 3.
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