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setting. In conformant probabilistic planning (CPP), we are looking for a linear plan such
that the probability of achieving the goal after executing the plan is no less than a given
threshold probability 8. Our logical framework can trace the change of the belief state of
the agent during the execution of the plan and verify the conformant plans. Moreover, with

Keywords:

Conformant probabilistic planning this logic, we can enrich the CPP framework by formulating the goal as a formula in our

Dynamic epistemic logic language with action modalities and probabilistic beliefs. As for the main technical results,
we provide a complete axiomatization of the logic and show the decidability of its validity
problem.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction
1.1. Background of automated planning

Automated planning is a branch of artificial intelligence concerned with devising a plan, which might be a strategy or an
action sequence, to achieve the agent’s goals. Automated planning technology is widely applied in a variety of areas, ranging
from controlling the operations of spacecraft to playing the game of bridge [1]. Classical planning which is the simplest
form of automated planning deals with the problem of finding a linear action sequence in a deterministic transition system
such that executing the plan in the initial state will achieve the goal (see e.g., [1]). There are two important simplifying
assumptions for classical planning: determinacy of actions and full observability. Full observability indicates one has complete
knowledge about the system and the state in which the system starts.

Conformant planning generalizes classical planning by relaxing these two restrictions, namely that it allows lack of
knowledge of one’s state in the system (and no ability to observe where one is located) and it allows actions to be non-
deterministic. The former means that the set of initial states is no longer necessarily a singleton (and corresponds to the
agent’s initial uncertainty) but also means one cannot attain certainty regarding one’s whereabouts based on observation
during plan execution. A conformant plan is an action sequence to guarantee the agent’s arrival at one of the goal states
no matter which initial state the plan starts from and no matter how the (non-deterministic) plan is executed [1]. Since
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conformant planning brings out agent’s uncertainty, therefore, besides the traditional Al approaches, we can also take an
epistemic-logical perspective on conformant planning.

Conformant probabilistic planning (CPP) is a significant generalization of conformant planning. The demands that confor-
mant planning puts on the solution may be too strong, in the sense that a solution has to be found in all cases. It may be
the case that a solution in this sense is impossible while there may still be some plan that leads to a goal state with very
high probability. In CPP, we are looking for a linear plan such that the probability of achieving the goal after executing the
plan is no less than a given threshold probability. The model for CPP includes a probability distribution over initial states
and the probability that a certain action will lead to a certain successor state.

Let us consider the following toy example of CPP.! Take a robot whose gripper is possibly wet. The gripper needs to hold
a block, but gripping a block while the gripper is slippery is more difficult than when it is dry. This can be modeled in a
transition system with probabilities as below where the bubble denotes the initial uncertainty about whether the gripper is
dry.

b:0.05 a:0.2
/
S1: GD S3
1 ! :0.
@l o7 @08 03 0>
b:095 7 b:0.5
S :GD, BH S4 : BH

There are two propositions: GD stands for gripper-dry and BH for block-held, and two actions: a stands for drying and b for
picking up. Please note that, in the model graph above (as well in all the following model graphs), only positive propositions
will be mentioned on states (e.g., BH, GD) and that if a proposition isn’t mentioned it could be assumed to be false. We
model the initial belief state by a probability distribution B over the states of the system, which assigns the following
probabilities: B(s1) = 0.7 and B(s3) = 0.3. The action a dries a dry gripper with probability 1, but make a wet gripper dry
with probability 0.8. The action b picks up the block with probability 0.95 if the gripper is dry and with probability 0.5 if
the gripper is wet. It is impossible to find a plan in this example that will guarantee that after executing the plan the robot
will hold the block. However, for practical purposes it may be enough to find a plan to hold the block, which succeeds at
least 90% of the time.

CPP is well studied in the Al literature (see, e.g., [2-6]). The probability of achieving a goal state t by executing a plan
T =aj---ay is calculated by the following way (cf. [4]):

[ (1) = > B(so) x Pr(so, a1, s1) x «+ x Pr(sn—1, an, $n)
{50-~Sn\V1sign:s,'_13>3i.3n:t}

where Pr(si_1, aj, S;j) denotes the probability of reaching s; after executing a; at s;_1. For example, in the Slippery Gripper
example, the probability of achieving s, by executing ab is the following:

Mab(52)

= B(s1) x Pr(s1,a,s1) x Pr(s1,b, s2) + B(s3) x Pr(s3,a,s1) x Pr(s1,b,s2)

=0.7x1x0.9540.3 x0.8 x 0.95

=0.665 + 0.228 = 0.893

To achieve a higher probability of holding the block, the robot has to (try to) dry the gripper twice first.
1.2. Motivation

To capture the probabilistic belief change in CPP formally, we propose a single-agent dynamic epistemic framework
for reasoning about conformant probabilistic plans over probabilistic transition systems. To layout a very general logical
foundation, we chose to deviate from the dynamic epistemic logic (DEL) approach by considering the probabilistic transition
systems as our models with both probabilistic labeled transitions and a probability distribution of the initial states. The graph
for the previously mentioned Slippery Gripper is an illustration of such a model. This model also is a natural probabilistic
extension of the models used by Wang and Li in [7] for a non-probabilistic dynamic epistemic framework over transition
systems with initial uncertainty. However, the probabilistic case is much more complicated than the non-probabilistic one

T It is a variant of the Slippery Gripper example discussed in [2,3].
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handled in [7]. In order to handle the reasoning behind CPP, we not only need to track the probabilistic belief updates but
also need to handle the probability of the executability of plans.

Moreover, the logical framework presented in this paper could make a contribution to CPP. First of all, by using a
powerful logical language we can express more planning goals, such as epistemic goals, by formulas. The logical language
can also help us to distinguish different conformant probabilistic plans for the same goal. Our proof system can help to
capture the essential reasoning of CPP, where the axioms can reveal the underlying assumptions behind the probabilistic
updates. Finally, the proof system also gives us a (syntactic) way to compute final probability after actions in terms of initial
ones. We use the following toy example to illustrate our ideas:

Example 1. Consider the scenario where a patient is in a very critical condition in the ICU. The doctor has to decide quickly
what to do and there is no second chance to change. Now the cause for the patient’s condition is still uncertain, it could
be s1 or sy. If the actual cause is s; then treatment b would simply save the life of the patient for sure (p). However, if
the cause is s; then b is not (successfully) executable, but the trial of b may waste the precious time. On the other hand,
treatment a will always be executable but it has uncertain outcome depending on the actual cause: if s, is the case then
the success rate is 80%, while otherwise the success rate is only 40%. The situation is depicted by the following model N
where the bubble denotes the initial uncertainty with a half-half (subjective) probability distribution over s; and sy:

‘/ 51 52 \
05 ™~ 05 |
\ b:1 / 7
a06 ~ "N~ "N~ "a068- IGO/Z
e a:0.4 K
S3 S4:p S5

Now, as the doctor, which action should you choose?

We can calculate the probability of a and b in successfully achieving the goal p:

wp(P)=05x1+0=05  [q(p)=0.5x 0.8 +0.5x 0.4=0.6

As a rational doctor, we may choose a instead of b to save the patient’s life.
However, the situation can be more subtle. Let us lower the success rate of doing a given s a little bit and consider the
scenario depicted by the following model M:

Example 2.
‘/ S1 S2 \\
' 05 ™ 05 |
\ 1 e v
@08 ~TXTTTINT T @08~ ",
1’4 a:0.2 e Ia' ’
S3 S4:p S5

Now we have:

pp(p) =0.5x 14+0=0.5=0.5x 0.8+ 0.5 x 0.2 = f4q(p)

In CPP, we are indifferent between a and b. However, intuitively we still have some reason to prefer a over b: doing b
means if the cause is s, then we have totally no chance to save the patient while using a we always have some chance to
save the patient no matter what the cause is. These can be made explicit in our language by B¢ (b)p = 0.5 and B¢{a)p =1
respectively (B¢ can be viewed as a belief operator). On the other hand, there is also some reason for us to prefer b over
a: the probability of p given that a is successfully executed, which is 0.5, is lower than the probability of p given that b
is successfully executed, which is 1. These could be explicitly expressed in our language by [a]Bep = 0.5 and [b]Bcp =1
respectively. Such conditional probability can be computed by considering the updated models w.r.t. the given actions. Recall
that the core idea of dynamic epistemic logic is to treat actions as updates of models. Intuitively, after successfully executing
a given action, the agent carries the bubble forward along the transitions labeled by this action and then computes the new
probability distribution within the new bubble accordingly. In our framework executing a and b will give us the following
models M| and M|? (to be defined precisely in our framework):
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Therefore although q(p) = up(p), there are finner decompositions of the probability of success which may affect the
decision. As we will see, our language can make all these explicit and rigor.

Furthermore, the preference to a over b may also be explained by having an epistemic goal: making sure that (eventually)
the agent knows the probability of p is no less than 0.5. This can be expressed by a formula ¢ = B¢p > 0.5 in our language.
Now, if we recompute the probability in our framework w.r.t. this goal, we have p,(¢) =1 but wp(¢) = 0.5. This is yet
another reason to prefer a over b.

We will provide a complete axiomatization of this logic (Section 4). The axiomatization system reveals the implicit as-
sumptions about probabilistic belief updates in CPP. Axiom ITSP indicates that in CPP we assume that the agent knows that
he believes what he believes and that he knows that he does not believe what he does not believe. Axiom CP indicates that
we assume that the agent has perfect recall. The formula of perfect recall intuitively means that the agent never forgets: if
the agent knows that a will make ¢ true then after executing a he does know ¢. What is more, based on this axiomatiza-
tion system, we show that each formula can be equivalently transformed to a formula in which each probability modality
B will never occur in the scope of the action modalities [a] or other probabilities modalities B.> From the perspective
of planning, it means that checking an epistemic formula after a plan execution equals to checking a different epistemic
formula at the initial model (see Proposition 34). For example, in Example 2, the formula [a]B¢p = 0.5 is equivalent to
Bgp = 0.5B¢{a) T. For the formula [a]B¢p = 0.5, we need to check the agent’s belief state in the updated model where the
agent’s belief state is updated after doing a, while, for the formula B;p = 0.5B¢{a) T, we only need to check it in the initial
belief state. This will become clear after we introduce the details of our framework.

2. Related work
2.1. DEL approach

Dynamic Epistemic Logic (DEL) was invented to model the change of knowledge and belief due to informational events
(cf. e.g., [8]). Its core idea is to treat actions (or events) as updates on the epistemic models where uncertainty is encoded
by equivalence classes of states of the system. For example, when proposition p is publicly announced by a trustworthy
source, we delete the states that do not satisfy p in our current equivalence class. Recent years have witnessed a growing
interest in using DEL to handle planning with uncertainty (cf. e.g., [9-16]). In conformant planning, to make sure a goal
is achieved eventually by doing a plan, it is crucial to track the transitions of belief states during the execution of the
plan. This is the place where DEL can play a role because DEL could track the belief change step by step. For example,
in single-agent DEL, after the action of announcing p, the initial uncertain set will be updated to be a subset where p is
true in each state. Compared to the traditional Al approach, DEL can make the reasoning behind planning more explicit.
Moreover, the rich language of DEL can express epistemic goals naturally. This could make a real contribution to CPP. As it
is shown in Example 2, the probability of a and b in successfully achieving the goal p is the same, but we can still make
further distinctions in favor of a or b as we mentioned.

Since the traditional CPP is single agent, here we only focus on the single-agent case of DEL approach. The epistemic
model of single-agent DEL is an uncertainty set, therefore, to handle the reasoning behind probabilistic planning, we do need
to extend DEL with probabilities, such as the work on Probabilistic DEL (PDEL) (cf. [17-19]). However, there has not been
much work connecting PDEL with automated planning, in particular CPP. We would like to make the first step in this paper.
Our logical framework is inspired by the ideas of PDEL, but it is not the standard formalism of PDEL. The most relevant
DEL-style work to ours is the PDEL framework proposed and studied in [17]. There are two significant differences in models
and the logical language respectively. First of all, our models are probabilistic transition systems instead of probabilistic
epistemic models for PDEL which do not have actions explicitly in the model. In order to express the CPP requirement in
terms of w, (cf. the introduction), we do need the information of probabilities of actions (transitions) in the model. w, is

2 B, roughly captures the probabilistic belief of the agent after action sequence 7 has occurred.
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not only a probability purely about possible current states but also a probability about states weighed by the probability of
7 being successfully executed (and in that sense it is closer to a prior probability), namely:

Ux (t) = Pr(m is successfully executed) - Pr(t is reached given 7 is executed).

Correspondingly, in the language we have a modality B; ¢ > q which generalizes the one in [17] by allowing a sequence of
actions 7t (note that here r could be €) as an index for each modality to express the probability of reaching a certain goal
by 7. In PDEL we can only express the probability of a certain proposition being true in the current state, namely, B¢ > q.

2.2. Reduction and regression in planning

DEL approaches also often come with a proof system using the so-called reduction axioms which syntactically relate the
belief after an action to the belief before an action, and can recursively eliminate the action modality. For example, in [17],
the formula [!p]Be = 0.5 (which means that the agent’s belief degree of ¢ is 0.5 given the action that p being true is
successfully announced) could be equivalently reduced to B(p A (p — ¢)) = 0.5Bp. It is often shown that any formula can
be equivalently reduced to a formula without the action modality. Therefore checking an epistemic goal after a sequence
of actions can be reduced to checking some purely epistemic formula at the initial model. The reduction axioms often
induce a way of eliminating action modalities in the language. From the perspective of planning, we may use this technique
to turn the problem of checking a formula after a plan execution into the problem of checking a different formula at
the initial model. There is a clearly natural connection to the regression method in planning using Situation Calculus (see,
e.g., [20,21]), which has been addressed in the DEL literature as well (see, e.g., [22]). However, in our work, unlike the
usual DEL-style logics, we cannot eliminate the action modality completely. Nevertheless, we still have a way to reduce an
arbitrary formula to a simpler formula without non-trivial nested modalities (see Proposition 34). As mentioned before, the
formula [a]B¢p = 0.5 in Example 2 can be transformed to B;p = 0.5B¢(a) T. We can show this syntactically (in the proof
system), which also leaves the possibility to design a regression method in CPP.

2.3. Compilation to classical planning

Although we have said that there are limitations of classical planning, there is an important line of work trying to trans-
form conformant planning problems and even conformant probabilistic planning problems into classical planning problems
w.r.t. different subsets of the original initial uncertainty set with high enough probability (see, e.g., [23,6]). The fully faithful
transformations usually requires high computational costs, but we can find some sound but incomplete transformations
which can work well in practice. This also raises a natural question to us: whether we can also do without the probability
and use the previous non-probabilistic logical framework in [24] for CPP. However, a closer look shows that the transforma-
tion of [6] relies on the assumption that the actions are deterministic, but here we do not want to make this assumption.
Note that although [23] shows that how to do without non-determinacy in the non-probability setting, it is still unclear to
us how can we eliminate nondeterminacy in the probabilistic setting in general. Nevertheless, we can actually show, both
semantically and in terms of formal proof in our system (see Proposition 16), that if the actions are deterministic, we can
indeed do the corresponding reduction described in [6].

2.4. On logics over MDP and POMDP

Our model is quite similar to Partially Observable Markov Decision Processes (POMDP), see e.g., [25,26]. However, our
framework implicitly assumes that the agent does not have any observational power when executing the plan, as in non-
probabilistic conformant planning. Planning with POMDP is closer to contingent planning where some observational power
is assumed. The goal of planning using POMDP is usually to optimize the reward (or cost) in the finite or infinite horizon
by some policy which may run forever. On the other hand, the notion of a plan for us is a finite sequence of actions and
the goal is a proposition. There are also recent papers discussing the POMDP-based policy synthesis w.r.t. goals expressed
by temporal logics (see, e.g., [27]), similar to the discussions in the context of MDP with temporal logic goals [28-30]. Note
that our language focuses on the epistemic aspect instead of the temporal aspect, and it allows us to express probabilistic
epistemic goals.

Our contributions can be summarized as below:

e We propose a dynamic epistemic framework for reasoning about conformant probabilistic plans over probabilistic tran-
sition systems such that:

- it captures the step-by-step probabilistic belief change formally.

- we can verify standard conformant probabilistic plans formally, which is beyond the existing PDEL framework.

- we can express the planning goal by formulas in a very rich language and formalize various subtle probabilistic
criteria for conformant plans, which cannot be done in the standard CPP approaches without a powerful logical
language.

e We give a sound and complete proof system of the logic such that
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- it reveals implicit assumptions about probabilistic belief updates in CPP.
- checking an epistemic formula in the updated belief state w.r.t. a plan is equivalent to checking a formula in the
initial belief state.
e We show that the logic is decidable, which can facilitate an automated theorem prover for CPP in the future.

Note that, in this paper, we cannot yet automatically generate plans (the plan existence problem) within our logical
framework. We do need a richer language as in [24] to turn planning into a model checking problem. We leave this and the
comparison with existing CPP tools for future work.

The rest of this paper is organized as follows. Section 3 introduces the language and semantics, and also defines confor-
mant probabilistic planning in terms of our logic framework. Section 4 presents the axiomatics of this logic and proves its
soundness. Section 5 proves the completeness of the axiomatics. Section 6 shows that the logic is decidable. The last section
concludes with some future directions.

3. Language and semantics

In this section we introduce the language of our logic. We build our language based on action modalities and linear
inequalities of weighed probabilistic terms inspired by [31,17]. A probabilistic term expresses the probability that a sequence
of actions reaches a certain set of states. To keep things simple in this paper we focus on the single-agent case. This language
differs from the usual languages of PDEL, and one of the most important differences is that probabilistic expressions here
are indexed by a sequence of actions, while in single-agent PDEL probabilistic expressions have no index or can be equally
seen as having only index €.

Definition 3 (Language). Let a countable set of propositional variables P and a finite set of actions A be given. The lan-
guage .Z is defined as the following BNF:
pu=pl-@l(@Are) |lale|qiBr 1+ -+ qnBr,¢n=q

where p € P, ; € A*, i.e. a finite string (possible empty) of actions and q, q; € Q for each 1 <i <n.
Besides the usual abbreviations, we have the following.

Z?=1QiBn,-(p12q = 1Bpio1+ - +qBr,0on >4
Q1Br01 > @2Bry2 = q1Bry1+ (—q2)Br, 02 >0
2221 qiBr0i <q = ZL]H(—QI')BN,-W > (—q)
Z%zl qiBr0i <q = ﬁ(ZF qiBr,0i = q)

Y i149iBrpi > q = = is19iBr0i <)
Yi1@iBroi=q = (Cin19iBrnoi = A i_14iBrei <q)
Br@ = B¢ = 1Bz@+ (—=1)Br¢’ =0

If‘/’ = Bep=1

Ko = —K—-¢

(@) = —la]-g

(abg = [alp A (a)p

(ar---ag)e = (a1)---(anDe

[ai---anle = [a]---lanle

Let us explain how to read the formulas of the language. Propositional variables such as p express basic properties of a
world, such as “the coin landed heads”. Then we have standard negation and conjunction. We read formulas of the form
[alg as “after all executions of action a it is the case that ¢”. In order to read linear inequality formulas of the form
q1Br, 01+ -+ + qnBr,¢n > q, we first explain how to read B ¢. The essential idea is that it represents the probability of
getting ¢ using 7. More precisely, it consists of two parts: the probability of ¢ given the successful execution of 7, and the
probability of the successful execution of 7r. Roughly speaking, B, ¢ is Pr(¢ | ex(;r)) - Pr(ex(7)) where ex(;r) means that 7
can be successfully executed. As it will become more clear after introducing the semantics, Pr(g | ex(7)) will be calculated
in the updated model given the execution of 7. In other words, B¢ is the non-normalized probability of ¢ in the model
you get by executing 7. If 7 is not executable, B; ¢ should be zero, and if it is executable it is the probability of ¢ in the
updated model multiplied by the probability of the executability of 7.

The language is interpreted on models which are in a sense (discrete) probabilistic transition systems with initial uncer-
tainty.> There are two kinds of probabilistic elements in these models. There is a prior probability distribution representing
the initial uncertainty of the agent, and there is a probability function which indicates for each state and each action that

3 You can also view them as simplified Partially Observable Markov Decision Processes (POMDP) without rewards and observations.
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can be executed at that state which probability one has of reaching some other state. Note that, as in the models of non-
probabilistic conformant planning, some actions may be not executable on some states.* The initial uncertainty is a subset
of the set of all states.

Definition 4 (Model). A model M is a tuple (SM, RM, pr™M yM, BM VM) such that

o SM £y, afinite set of states’;

o RM c SM x ax SM, a non-deterministic execution relation for each action;

e Pr:RM — 7, a probability function expressing the probability that an action will lead to another state, such that for
each a € & it holds that 3~ g prM(s,a,t) =1;

o UM a non-empty subset of S, consisting of those states that the agent considers possible;

o BM .M Qt, a probability function expressing the subjective probability of the agent such that Y oveum BM(sh)=1;

o VM. p > P(SM), a valuation function indicating for each propositional variable in which set of worlds it holds.

For any s € UM, (M, s) is a pointed model.

Given M, (s, a,t) € RM is also denoted as s > t, (s,t) € RM or t € RM(s).

Before we provide the semantics, we first provide the notions needed to define how models are updated by executing
a sequence of actions, since we need those models to interpret actions and probabilistic statements. First we define the
semantic structure that is associated with a sequence of actions, called the set of execution paths.

Definition 5. Given M, 7 =ajy ---a,, we call so---s, an execution path of 7 on M if sg € U™ and si_; &4 s; for each
1 <i <n. The set of execution paths of 7 on M is denoted as EP a4 (7).

After executing a sequence 7 the probability the agent assigns to the states of the model changes. Let Z/*|? be the set

{te SM|s St for some s e UM}, and UM T =YM|% ... |% where 7 =a; - --an. We use the following auxiliary notion to
update this probability.

Definition 6. Given M and m =ay ---a, € A*, the function /L{TM :L{M|” — Q is defined as follows: for each t € Z/IM|”,

() = > (BM(s0) x T, Pr*(si_1.a;. 5))
{so-+-sn€EP pq (70)|sn=t}

Given T C Z/{M|” and m, let u,/,v‘(T) =3 et uf,\/‘ (t), especially, uj/;/l @ =0.

Remark 1. Similar to the forward algorithm for computing the probability of a particular observable sequence in Hidden
Markov Models (cf. e.g., [32]), we can also compute pLﬁ" (t) recursively by computing /ijr\f‘ (t) for all the initial segments 7’
of 7w and the relevant states t’.

The updated probability of the agent applies to a possibly updated set of states that the agent considers possible. Now
we define the updated probability of the agent.

Definition 7. Given M and 7 =a; ---a,A* such that UM |7 ¢, function BM|™ : YY™M|™ — Qt is defined as follows: for
each t e UM|7,

M :u'}/';/l ®
BN = — s
UM UM
Note that in this definition both the numerator and the denominator are non-zero given the way we set things up. Note
that by assuming that 4 |™ is non-empty it follows that EP pq(7r) is non-empty. Since we assumed that the probability
functions in the model only assign positive probabilities and ¢ is in {*|™ both numerator and denominator are non-zero.
More formally:

Proposition 8. Given M, m = ay---a, and U|™ # @, we have that BM|™ is a probability function from UM |™ to Q* and
Yeepmp BMIT@© =1.

4 An alternative approach is to introduce dump states which are the results of executing non-executable actions.
5 The restriction to a finite set of states is to make the presentation simper. We could easily remove this restriction and use o -algebras and fully general
probability theory, but this will only distract from the issues we are exploring in this paper.
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Given all these definitions, it is now easy to define the updated model.

Definition 9. Given model M = (SM, RM, prM yM, BM YMy and UM |™ + ¢, model M|7 is defined as (SM, RM,
PI'M,UM|”, BMVT, VM)

We use this definition of an updated model in the semantics of actions and the linear inequalities of probabilities. The
rest of the semantics is far more straightforward.

Definition 10 (Semantics). Given pointed model M, s, the truth relation is defined as follows:

M,sEp < seVM(p)
M,sE—¢p — M,sFg
M,sEFoAYy — M,skEpand M,sE
M,skE[alp <<= foralls':s Y implies M|%,s" E ¢
MSEYT 1 qiBrei=q = Y qudAedM™) >4
where [@IMI™ = (s eMI™ | M|Ti s E @)

Remark 2. Note that if M, s is a pointed model, i.e., s € UM, and s L ¢ then M|%,s" is also a pointed model, i.e., s’ €
uM 9= uM-.

Note that we use ,uf,\’l to define the updated probabilistic distribution of states in the updated model. ,uﬂM itself is not
normalized.

Proposition 11. ,ufTV‘ is a non-normalized probability function, and it has the following properties:

(1) pMAeIM™) >0

2) pM UMy + p M (=M™ = M T IM")
@) pMaTIM =1

@) ppd@TIM™) = pM (@ TIM)

Proof. Since [MI™ c UM |7, (1) is obvious by Definition 6. Since [—@MI™ =M™\ [eI]M!" and [TIMI"™ =M™,
(2) is obvious by Definition 6. Since Mf" = BM, (3) is obvious. For (4), let w =a;---a; and ap4+1 = a then we have the
following:
ai-a
I’Lé\l/-[uanJr] ([[T]]Ml 10n+1 )
=Ha g @)
= > (BM(s0) x T PrM(si_y, ai, 51))
So--Sn+1€EP A4 (A1-+-Ant1)
{s0-+-sn€EP poq(@y-+-ap)|3t:teRM (51}

(BM(s0) x T PrM(si1,ai,s) x (Y PrM(sp.a.1))

teRZM (sn)
= > (BM(s0) x T, Pr'* (si—1, ai, 51))
{s0---sn€EP a4 ()| 3t:teRIM (s0)}
= > (BM(s0) x T, Pr'*(si_1, aj, 51))
{S0++Sn€EP A1 (a1-+an)[snell (@) TPMIT"
=y, M@ TP

Proposition 12. Given w = a; - - - a,, we have that Mﬁ/’ TIM™y =1 ifand only if M, sE K(m)T.

Proof. Let ) =aq---a; for each 1 <i <n and 7 = € then it is easy to show that M,sk K(x )T if and only if
M|, v E (aji41)T for each 0 <i <n and each v e UM |70,
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From left to right: It follows by Proposition 11 that for each 0 <i <n, we have
T(i+1) (i) -
pat T = e W) TIMTY) <t @),

Since uMITIM™) =1 and M TIM) =1, it follows that u%([{(am)ﬂwl”% —uM T MI™Dy for each 0 <i <n.
Assume that M, s¥ K ()T then it follows that there are 0 < j <n and v € UM |™0 such that M, v} {aj41)T. Since v €
UM TG, it follows by Definition 6 that M;jf\(/f.) > 0. Thus, we have M%)([HGHUT]]MI”(D) < M%)([[T]]M‘”m). Contradiction.
Therefore, we have M, sE K(m)T.

From right to left: We will show that p,{,\;,‘) ([[T]]MVT(")) =1 for each 0 <i <n by induction on i. It is obvious if i =0. If
i=j+1 where 0<j<n, u{}(’}_m = M%‘)“Hl' It follows by Proposition 11, we have the following:

()41 (j)
Wiy ITIM) = g (e TIMEY)

I’L%) ([[(aj+1>T]]M\”(j)) + MM (H_'<aj+1>T]]M‘”(j)) _ M},;g) ([[T]]Mln(j))

T3
It follows by IH that M;TMU)([[T]]M‘H(j>) = 1. Therefore, we only need to show that N%)([[—'(ajﬂ)—r]]M'n(j)) = 0. Since
M,sEK(x)T, namely, M|™®, v E (aj41)T for each 0 <i <n and each v e UM|™®, we have |I—|(aj+1)T]]M\”(j> =@.
Thus, u%)([{—'(ajﬂ)'l']]f‘/” Py=0. O
Recall that [a]gp means that ¢ holds after executing a, and uﬁf’([{(pi]]M‘”") is the probability of reaching ¢; by execut-
ing 77;.5 We will show how the semantics works by working through an example.

Example 13. Again, consider the scenario where a patient is in a very critical condition but the cause is uncertain (s1 or s;).
The doctor has to decide in one-step what to do. The left-hand-side model below depicts the effects of taking the pills a
or b. According to the instructions of the medicine, b can only be taken after taking a. The effect of a on s; is uncertain, but
if it ends up at s5 then taking the pill b will save the patient (p). On the other hand, it might also cause some allergy (s4)
and then taking b is no longer an option. If the actual cause is s, then a will work but you might not see it immediately
and then taking b might cancel the effect of a (sg) or have no side-effect at all (sg).

M 5 105805 ¢, s7p M|? 5, @05 & 025, yy STP
| ‘ a:0.5
]
\gz :0.5 S5 s p $2 ) : s5:0.25 : sgp
— a:
a:1 b:0.9 | |
b:0.9
b:0.1 \e /
S3p——=56 SQ;O;SPWSG
M| 51%—54 57:5/15 p
[ \
a:O.S\\ b:1 A ‘
I
) S5 ‘53:9/15p |
a:1l ‘ ‘
\ b:0.9 " |
3P o756 1/15 /

We can verify the following:

1. M,s1EBe(a)T =1 4. M,s1E Be(ah(b)T =0.5
2. M,s1E[a]l]Bep=0.5 5. M, s1 E[ab]B¢p > 0.6
3. M,siFBap=0.5 6. M,s1EBgpp=0.7

6 Note that q1Br, 91 + - + qnBx,¢n > q formulas cannot distinguish states in the same uncertainty set but [a]¢ formulas can, thus [a] cannot be
eliminated.
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1. B¢(a)T =1 says that the agent knows that a is executable, i.e., action a is executable in the set I/ = {sq, s»}, indicated
by the bubble.

2. [a]B¢p = 0.5 says that after executing action a, the agent assigns probability 0.5 to p, i.e., the probability of {s3} in M|?
is 0.5.

3. Bgp = 0.5 says that the agent assigns probability 0.5 to ending up in a p-state by successfully executing a, i.e., the
probability of successfully executing a, which is 1, times the probability of p after doing a, which is 0.5.

4. B¢(a)(b)T = 0.5 expresses that initially the sequence of actions ab is applicable with probability 0.5, because (a))(b)T
is only true at s.

5. [ab]B¢p > 0.6 says that after each successful execution of the sequence ab the probability of p is more than 0.6, because
p is true in both s7 and sg and the probability of {s7, sg} in M s 14/15 > 0.6.

6. Bagyp = 0.7 expresses that the probability of ending up in a p-state by successfully executing ab is 0.7, i.e.,
,ug\b"({s% sg})) =05%x05%x1+4+0.5%1%0.9=0.7. In contrast to [ab]B.p > 0.6, we now also take into account the
executability of ab.

We will use this logic as a tool to develop a framework for probabilistic conformant planning, which we can now define
in a precise way.

Definition 14 (Conformant probabilistic planning). Given a model M, s, a goal formula ¢ € .Z, and a threshold §, probabilistic
conformant planning for ¢ over M, s w.r.t. § is to find a linear plan 7 € A* such that M, sF B¢ > §, where 7 is called a
solution to the probabilistic planning problem.

According to the above definition, to verify that  is a solution is to model check B; ¢ > § on the pointed model. In the
above example, according to item 6, if § < 0.7 then ab is a solution to the probabilistic planning problem for p over M, s;
W.LLL. §.

Let us come back to the examples in the introduction to demonstrate the use of our logical language. In the Slippery
Gripper example, we can verify that By, (BH) < 0.9 holds thus ab is not a good plan if § = 0.9, but By, (BH) > 0.9 holds
thus aab is a good plan. As for Example 1, By(p) < 0.6 A Bg(p) = 0.6 thus a looks like a better plan. On the other hand, in
Example 2, By(p) = B4(p) holds. However, we can still differentiate the two by verifying the following:

e Bc{a)p =1 but Be(b)p = 0.5, i.e. the agent knows that there is always a chance to save the patient by doing a,
compared to doing b. It may give preference to a over b.

e On the other hand, [a](B¢p = 0.5) but [b](B¢p = 1), i.e., given b is successfully executed the agent know for sure the
patient is saved while the agent is not so sure given a is successfully executed. It may give preference to b over a.

e Further more, if we care more about the epistemic goal: I believe p more than —p, then B;(B¢(p) > 0.5) =1 but
Bp(Be(p) > 0.5) = 0.5, which may give preference to a over b.

To justify our semantics, we first connect it with non-probabilistic conformant planning.

Proposition 15. Given M, s and ¢, if § = 1 then the probabilistic conformant planning problem for a non-probabilistic ¢ over M, s
w.r.t. § is a standard conformant planning problem for ¢ over M, s where the probabilities over the states and transitions do not
matter, ie. M,sEBrp =1 < M,sFK(x)e.

Proof. We only need to show that 2 ([ ") =1 if and only if M, sk K(r )g.

From left to right: Since [I™M™ < [TIM, it follows that uM(TIM™) > 1. It follows by Proposition 11 that
uMATIMT) < uMATIM) = 1. Therefore, uM (I TIMI™) = 1. It follows by Proposition 12 that M, s = K(x)T. Thus,
we only need to show that [—¢MI" =@. Since uM([eIM™) = M TIM™) =1, it follows by Proposition 11 that

uM ([—1™M™) = 0. Therefore, [ ]M™ = ¢.

From right to left: Since M,sFE K(m )¢, we have that M,s E I<(|n|)T and [[—-<p]]M|” = @. It follows by Proposi-
tion 12 that uy ([["I']]/VlI ) = 1. Since [[—-(p]] =§), we have uy ([[—-(p]]M| ) = 0. It follows by Proposition 11 that

pMe1™H =1. o

Another degenerated case of conformant probabilistic planning is discussed in [6] under the assumption that the actions
are deterministic. It is shown in [6] that the probabilistic planning problem can then be reduced to a non-probabilistic one.
The reduction relies on the fact that, over deterministic models, the probability of reaching a ¢-world by a sequence 7 can
be reduced to the probability of the truth of ()¢ at the initial state, which is proved formally in our framework below.

Proposition 16. Given m =ay - - - ap, ,uﬂM(lkp]]M‘”) = /Lé\/‘ ([[(7r><p]]M) if all actions a; (1 <i < n) are deterministic.

Proof. If U|™ = ¢, this follows that []™/" =@ and [(7)p]™ = @. Thus, it is obvious that uM([e)M") =
M) eIM).
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Table 1
System SCPP.
AXIOMS
All instances of propositional tautologies
All instances of linear inequality axioms
DIST(a) lal(¢ — ¥) — (lalyp — [aly)
T Ko — ¢
Nonneg(w) Brg=>0
PRTR(€) KT
PRF(7a) Brap < Br{a)p
PRFEQ(a) Bz ((@)¢ A (a)—~¢) =0 < Brap =Bz (a)p
Add(m) Br (@ AY)+Br(@ A—Y) =Bre
ITSP (i1 9iBrn) 95 > qBx T) = Bz (311 4iBr/ @i @) = Bx T
cp @T — (a1 i GiBr @i ><q) < YL qiBam; 0i > qBa T)
DET (a)¢ — [ale where ¢ is a probability formula
RULES
MP From ¢ — v and g, infer ¢
GEN From g, infer [a]e

Equivalence From ¢ < v, infer By =Bz v

If U|™ # &, we have that

iy (e1™M7") = > B(so) x T Pr(si_1. ;. s).
{S0--sn€EP A4 (77) s €[ @I M ™ }

Since each a; (1 <i <n) is deterministic, this follows that Pr(s;_q, a;,s;) =1 for all 1 <i <n. Thus, we have

! ey = 3 B(so).

{SO..AsneEPM(ﬂ'HSnEl[‘p]]M‘” }

We know that M, sg E ()¢ if and only if there is so---s, € EPAq(7r) such that M|7, s, E ¢. Therefore, we have that

3 Biso)= Y.  Bso).

{s0-Sn€EP A () |sn el ] MI™ } soell(m)pIM

Thus, we have uM ([@I™M™) = uM ([ (m)pIM). O
4. Axiomatization

In this section we provide a Hilbert-style proof system for the logic presented above. A proof consists of a sequence of
formulas such that each formula is either an instance of an axiom or it can be obtained by applying one of the rules to
formulas occurring earlier in the sequence.

Definition 17. Let =< be one of <,=, >, <, >, and &< be the negation of <. System SCPP is defined in Table 1, where the
linear inequality axioms can be found in Definition 57 of Appendix J.

Let us explain how the above axioms are to be read. We only focus on those involving probability. Axiom T expresses that
truths are assigned positive probability. This is because the empty sequence is always executable and we defined pointed
models such that the state is always in 4™, so it will always receive positive probability.

Axiom Nonneg () expresses that any formula receives a non-negative probability (since negative probabilities don’t
make sense).

Axiom PRTR(€) expresses that the set of states that the agent considers possible is assigned probability 1.

Axiom PRF(ma) expresses that the probability of those wa-execution paths leading to g-states, is less than or equal to
the probability of those m-execution paths leading to states where a can lead to a ¢-state. This is because executing 7 may
lead to a state where executing a may lead to a g-state, but executing a could also lead to a non-g-state.

Axiom PRFEQ(7ra) expresses the condition under which the above probabilities are equal. This is the case if either all
a-paths in 7 -reachable states lead to g-states or if all a-paths in 7r-reachable states lead to non-¢-states, or in other words
whenever the probability that executing a can lead to a ¢-state and can lead to a non-g-state is zero.

Axiom Add(m) expresses that probabilities are additive.

Axiom ITSP can be viewed as the combination of the introspection axioms 4 and 5 in epistemic logic. Note that two
simple forms of ITSP are:
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Bewp>q— Bc(Bep>q) =1 you know that you believe what you believe
—(Be@ > q) = Be(Bew <q) =1 you know that you don’t believe what you don’t believe

Axiom CP is essentially the definition of the update using normalization, given that a is executable. A simple form of CP
is the following.

(@)T — ([al(Bep >aq) <> Bap @B, T)

Note that DET is not valid for arbitrary . It is crucial that a is not deterministic for basic facts.

As a simple but non-trivial example of derivation in our proof system, we can show that if the models are deterministic
then the probability of reaching ¢ using 7 is the same as the probability of ()¢ initially, which was proved semantically
by Proposition 16.

Proposition 18.In the system SCPP' which extends SCPP with the unrestricted deterministic axiom (a)g — [a]lp, we have
Fscpp+ Br@ = Be ().

Proof. Since - (a)¢p — [ale for all actions a and all formulas ¢, this follows that F (a)p A (a)—¢ <> L. Since - B, L =0, this
follows that F By ((a)p A (a)—¢) = 0. Then it follows by Axiom PRFEQ(ra), and Rule Equivalence that - Br,¢ = B (a)¢.
By induction on 7, we can prove that - By = B¢ (m)p. O

For the rest of this section, we will prove that the axiomatization is sound. Given that the logic is built on well-
understood modal logic, we will not show that the usual modal axioms and rules are sound. Also, the part of the
axiomatization concerned with linear inequalities is well-understood and we do not show the soundness of the part ei-
ther. Instead, we will focus on the axioms and rules that deal with the interplay between action and probability.

We will leave the soundness proofs of Nonneg(;r) and PRTR(¢€) to the reader. They are rather straightforward. In order
to prove the soundness of PRF(a), we first prove two auxiliary propositions. The first is about the relation between
probabilities in a model after an action and probabilities preceding the action.

Proposition 19. Given model M and UM | = 3, we have /L?f”ﬂ ) = u, ) uUM™) foreach t € SM.
Proof.
M

TS
= > BM7 (s0) x T, PrM7 (si1. ai. 1))

{so--sn€EP pqym (") |sp=t}
= 1/u ' uMm) > (ua"(s0) x T, Pr (si_y. 4y, 1))

{s0--Sn€EP pqpm (") Isn=t}

1/ pgt @M > ( >

{s0+-sn€EP pqm (W) Isn=t}  {sy-+-Sn€EP a4 () |S]y=50}

i—1° 70

BM(so) x T Pr™(s]_,.dl,s}) x TI7_, Pr™I" (si,l,ai,si)>

1/ M) > (" o) x TP (si-1, i, 50))
{up---umyn€EP A (T 7t") [umyn=t}

Wy O/ug' @M O

Using this proposition we can prove the second auxiliary proposition that expresses that updating a model with a
composed action is the same as updating the model sequentially, first with the one component of the action, then the other
component.

Proposition 20. Given model M and UM ™™ + @, we have M7 |7 = M|™™".

Proof. We only need to show that BM™™ (£) = BMI™ (¢) for each t e UM |77,
! ()
o UM
e OV el
D scuMmnt Wy )/ U UM ™)

BMITT () =

by Proposition 19
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3 T ()
ZseZ/{M |’ M]jr\/]lr/ (s)

=M ) o

Using this proposition we can show the soundness of PRF(;ra).
Proposition 21. F B¢ < By (a)¢.

Proof. Given model M, we only need to show that w2 ([@M™) < uM([(@)eI™M™). If UM "¢ =@, u2M ([eIM™) =0,
since w2 ([{a)pI™MI™), it is obvious. If UM 7@ # ¢, we have that for each t e [p]M™ UM |79, there exists s € UM|™

such that s -> t. Moreover, it follows by Definition 6 that for each t € (M |79,
ppa®y = Y ) x PrM(s.a.t)
{seuM T s St}
We then have the following:

IJTG

g MelM™)
= Zte[[w]]M\”“ e (t)
= Yicfppmr (Z{seuMmsit} upt(s) x Pr™i(s,a, 1)
- Z{SGUM'” |AtelpIM™ 55 t) 1’ () X (Zte(l[w]]M\”“mRé\/l ) PrMs, a, t)
2 fseumm | JelpIM™ 55 1) 1y’ (s)
- Z:{SEZ/IMI” | TeeloMI™ 55 1) MnM (s) by Proposition 20
= Dsell@gIM” 1z (s)
= uy'@elM™) o

The soundness of this axiom is used in the proof of the soundness of PRFEQ(rra).
Proposition 22. = B, ({(a)p A (a)—¢) =0 <> Brq@ = By (a)¢.

Proof. Given a pointed model M, s, we only need to show that M, sE By ((a)¢ A (a)—¢) =0 iff M, sk Brqa@ = Bx{(a)e. It
is obvious if /™| = . Next, we only focus on the case of 24|79 = (. We have the following:
M, sF Brap = Br{a)p
Sudte™™) < u(@e1™™) by Proposition 21
&there exists s’ € ™| such that M|™9, t' £ ¢ for some t’ € R)(s) and
( Z prMs, a, t)) <1 by the proof of Proposition 21
te(@IM™ NRM (5)
&there exists s’ € 4| such that M|™9, t' £ ¢ for some t’ € R2(s) and
M|t # ¢ for some t € R (s)
there exists s € UM | such that M|™, s E (@)@ A (a)—@
Sur (L@ A (@—el™) >0
SM,sEBz({(a)p A {a)—p)=0 O
We will leave the proof of the soundness of Add(sr) to the reader. The next axiom for which we prove soundness is
ITSP. This axiom is a scheme for many different formulas. We abstract from the (in)equality expressed. We call the axiom
introspection because it is closely related to the usual axioms 4 and 5 in epistemic logic that express positive and negative

introspection respectively. Since an inequality is a negation, this scheme captures both positive and negative introspection
in our probabilistic setting.
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Proposition 23. F (", qiByr/9i><1qBx T) — By Ly qiBypiv<q) =B T.

Proof. If M, st Y1 qiByy @i ><qBx T, namely, Y31, g; 'N%/([[%]]Mlﬂﬂ/) s q - M TIMI™), we need to show M, sk
B (Y1 4iBy @i 1) = By T, namely, ! (11 iBrr/ i qIM™) = u TIMI). 1F UM 77 = g, it is obvious.

Next, we focus on the situation of UM 77" = . To show uM (Y, qiB/ i s q M) = M ETIMT), we only need
to show that [37_; qiB/¢i o< qI™MI™ =uM ™. By semantics, we only need to show Y1, g; ~/L7/T\Z”” ([[goi]]Mmﬂ’{) > q. Since
UM £, it follows by Propositions 20 and 19 that /" oM™y = u%,([[goi]]/"””/)/u,/,"‘ UM|™). Therefore, we
have Y1, g .ijr\?ln ([[go,-]]Mmﬂ’{) >aq if and only if 37, q; - M%/([[‘ﬂi]]MW/) sag - puM@TIMT). O

The last axiom for which we prove soundness is CP, an axiom about conditional probability. It expresses the relation
between prior and posterior probability in our setting.

Proposition 24. F (a) T — ([al(3_1_; qiBr, @i ><q) < > i1 qiBax; @i > qBgT).

Proof. Given a pointed M,sF and s Lt for some t e S, we need to show that M,sF [a](Z’;=1 qiBr,pi < q) <
> 1 qiBar, @i > qB,T. Since M, s F [al(Q 1, qiBr, @i > q) if and only if M|%,t E Y [ qiBx, i > q. Thus, we only need
to show M|%, tkE Z?:l qiBr; @i < q if and only if M, sk Z?:] qiBar; i ><1qBg T. It is obvious if UM =g forall 1 <i<n.
Next we only focus on the case of UM|“”" #@forall 1 <i<n.
M tE YL qiBrpiaq
M|? a7
S0 g (@i IM ) g
M|? ar; e
Y g @ilM™) g by Proposition 20
Y qi/ M) - it (M) s g by Proposition 19
Y it AT saqut @M% due to M @MY > 0
& M, sE Z?:l QiBan,'(Pi >=<1qB, T O

AN I

Based on the propositions above, the soundness lemma can be proven by induction on the length of the proof. We will
leave the proof to the reader.

Theorem 25 (Soundness). For each formula ¢, - ¢ implies = ¢.

5. Completeness

In this section we show that the axiomatization presented above is complete with respect to the semantics we pre-
sented earlier. One important strategy that has been employed to prove completeness for dynamic epistemic logic is to use
reduction axioms (see for instance [33]). Reduction axioms are a way of relating what is the case after an action (e.g., an
announcement) to what is the case before the action. Thus we can recursively eliminate all the action modalities. Unfortu-
nately, as in the case of [7], here we cannot eliminate the action modalities completely. For example, we cannot reduce [a]p
to a propositional formula, since unlike the standard DEL approach, the truth values of p at the a-successors are not fully
determined by the current state (see [34] for an in-depth discussion on the use and failure of such reductions). However, we
will try to transform the language .# to its fragment .9 in which formula’s nesting degree is 0 and prove completeness
with respect to 0. As we will see below, in our case a formula with degree 0 can still have action modalities.

5.1. A fragment 0 of the whole language

Definition 26 (Nesting degree). Nesting degree of a formula or an item is defined as follows.

d(p) =0

d(—¢) = d(p)

@ A v) = max(d(g).d(p))

d([alep) _ 2) +d(p) ;fl :eprobability term occurs in ¢

d(X i1 qiBrei > q) max{d(Bz, ) | 1 <i<n}
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1+d(¢) if aprobability term occurs in
d(Brg) = v v
0 else
We use .20 to denote the formula set {¢p € .Z | d(¢) = 0}.

Nesting degree captures the depth of the probability modality B; in the scope of modalities [a] or other probabil-
ity modalities By'. For example, d([a]Bzp > ¢q) =1, d(Bz,(Br, > q2) > q1) =1, and d(Bx[a]p > q) = 0. For each formula
@ € £Y, each probability modality B, in ¢ will never occur in the scope of the modalities [a] or other probability modal-

ities B,. Next we will show that each formula ¢ € % can be equivalently transformed to a formula ¢’ € .#°. To do that,
we need the following auxiliary notion.

Definition 27 (Conjunctive normal form). A formula ¢ is in conjunctive normal form if it is a conjunction of disjunctions of
‘literals’, where a ‘literal’ is a formula in the form of p, —p, [aly, —[a]y, 2?21 qiBr, i >q or _‘(2?21 qiBx, i > q), where

¥ and ; are also in conjunctive normal form.

The following proposition means that the replacement rule is admissible in our axiomatization system. The replacement
rule plays a fundamental role in reducing a formula ¢ € .Z to a formula of conjunctive normal form and then to a formula
0
¢ e L.

Proposition 28. If - ¢ <> x thent ¢ < o/ x).
Proof. Please find the proof in Appendix A. O

With the replacement rule, the following proposition can be proved in a similar process as in propositional logic.
Proposition 29. For each formula ¢, there exists a formula ¢’ such that - ¢ <> ¢’ and ¢’ is in conjunctive normal form.
Proof. Please find the proof in Appendix B. O

By Proposition 29, we only need to show that each formula ¢ of conjunctive normal form can be equivalently trans-
formed to be a formula ¢’ € #°. The key is to show that literals with nesting degree 1 of the form [a]y or 2?21 qiBr¥i > q
can be equivalently transformed to be formulas in 0. Next we will deal with these two cases respectively.

To show that each literal [a]¢ with d([a]g) =1 can be equivalently transformed to be a formula in .#°, we firstly show
the following proposition.

Proposition 30. ConP:  [a](3_1_; qiBx,@i><q V ¥) < (311 qiBar, @i > qBa T) V [al .
Proof. Please find the proof in Appendix C. O
Now we are ready to show that each literal [a]y with d([a]y) =1 can be equivalently transformed to a formula in .Z°.
Proposition 31. Given [a]y and d([a]ly) = 1, there exists a formula ¢ such that d(¢) =0 and - ¢ <> [a]y.
Proof. Please find the proof in Appendix D. O

Next we will transform the literal ¢ := Y |, qiBx,¥i ><q with d(¢) =1 to be a formula in £0. Firstly, we need the
following proposition.

Proposition 32. Let T := Y7L, q;Bx;¥j, S0 == )i, q;Br/giv<n g, and 87 1= > q;B/@i <1 B T. We have 1= qoBx (8o v
VIANX)+T =g (31 AQoBrx + T q) V(=81 AQoBr (¥ A X) + T <2 ).

Proof. Please find the proof in Appendix E. O

Now we are ready to show that each probability literal ¢ with d(¢) =1 can be equivalently transformed to be a formula
in .£0.

Proposition 33. Given ¢ := Y |_; qiBx,¢; > q and d(¢) = 1, there exists a formula ¢’ such that d(¢’) =0 and - ¢ < ¢/
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Proof. Please find the proof in Appendix F. O

Finally we will show the following proposition that each formula ¢ € .Z can be equivalently transformed to be a formula
¢ e L.

Proposition 34. For each formula ¢ € £, we can effectively compute a formula ¢’ such that ¢ <> ¢’ and d(¢’) = 0.

Proof. We prove it by induction on d(¢). It is obvious if d(¢) = 0. If d(¢) =n + 1, by Proposition 29, we assume ¢ is in
conjunctive normal form. It follows by Proposition 28 that we only need to show that for each literal ¥ in ¢ there exists
a formula v’ such that - < ¢’ and d(y') = 0. By IH, it is straightforward if d(/) =n. If d(¥y) =n + 1, ¥ is in the form
of [aly’, —[aly’, Yi1 qiBx;¥{ > q or =Y i, qiBx, ¥ > q. We only focus on the case of [a]y/ and Y i, qiBx, ¥/ > q; the
other cases are similar.

If ¥ :=[aly’ and d([a]y') =n + 1, it follows that d(y/") = n. By IH, it follows that there exists a formula x’ such that
Fv' < x’ and d(x’) = 0. Thus, we have v < [alx’ and d([a]lx’) < 1. If d([a]lx’) =1, it follows by Proposition 31 that
there exists a formula y such that - x <> [a]x’ and d(x) = 0. It follows that - ¢ < x.

If ¥ =31 ,qiBx ¥ >q and d(¥) =n+ 1, it follows that d(y) <n for all 1 <i <n. By IH, it follows that for each v/
there exists a formula x; such that -/ <> x/ and d(x/) =0. It follows that v <> > ; qiBx, x{ > q and d(3_}_; qiBx, x| >
Q) <1.1fd3> L, qiBx x{ = q) =1, it follows by Proposition 33 that there exists a formula x such that - > 1 4iBy X =
q< x and d(x) = 0. It follows that -y < x. O

Remark 3. The above results tell us that instead of checking ¢ in the final situation, we can check another formula without
nested actions in the initial situation. It also provides the possibility of a regression method in the spirit of the regression
in situation calculus, e.g., [20,21].

5.2. Nonstandard models

We have shown that each formula in .Z can be equivalently transformed to be a formula in -#°. To show the complete-
ness, we only need to show that each consistent formula ¢ € .0 is satisfiable. Our strategy is that firstly we define a notion
of nonstandard model and show that if ¢ € .#° is satisfiable in nonstandard models then it is also satisfiable in standard
models. Secondly, we construct a canonical nonstandard model with respect to ¢ € .#° and show that ¢ is satisfiable in
the canonical nonstandard model.

Definition 35 (Nonstandard model). A nonstandard model 9% is a tuple (S™, R™, U™, {u2* | & € a*}, V™) such that

e S™ is a non-empty finite set of states,
o R C 8M y A x SM,
o U™ is a non-empty subset of S,
o 2y — [0,1] is a function such that
- Mg(um) =1and uX(s) > 0 for each s e U™;
- u B U = u P (s e U | RTH(s) # ) and wXi(s) > 0 for each s e U™,
- uZ(E) < uP({s e U™ T |3t € E s> 1)) for each E C U™ |7,
- uZE) < uD({s e U™ |3t € E: s> t}) for each E € U™ such that R (s)NE # ¥ and R (s) \ E # @ for some
seU™|r,
o VM. p 5 PSS,

From now on, we call models and semantics defined in Section 3 as standard model and standard semantics. A nonstandard
model is almost the same as a standard model except probability functions. First, there are no transition probabilities in
nonstandard models. Second, the functions u, of nonstandard models intuitively are the same as the functions of standard
models defined in Definition 6. The requirements of the functions ,u%n of nonstandard models make sure that there exists
transition probabilities such that ,unm can be calculated in the way shown in Definition 6.

Definition 36 (Nonstandard semantics). Given a nonstandard model 9, a state s € S™ and a formula ¢ with d(¢) =0, the
truth relation is defined as follows:

Mslkp < seV7(p)
Msl-—p — Msko
M slF@Ay) — Mslkpand M, sl-y

M, slklaly <— foralls':s > ¢ implies M, s’ I+ ¢
M.slkYT 1 qBrei =g < Yiqnr(eld) >q

where [@]I7} = {s € U™ | M, s - @}.
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Please note that in nonstandard semantics we care only about formulas in Z°.
The following proposition shows that if ¢ € £ is satisfiable in nonstandard models then it is also satisfiable in standard
models.

Proposition 37. Given a nonstandard model 9t and 9, u I+ ¢ where u € U™ and d(g) = 0, there exists a standard pointed model
that satisfies .

Proof. The proof is quite involved and can be found in Appendix K. O

Given a consistent formula ¢ € .#°, next we will construct a canonical nonstandard model with respect to ¢ and show
that ¢ is satisfiable in this nonstandard model. The canonical model will be built by levels, and the number of its levels
will be bounded by the modal depth of ¢. The notion of modal depth is defined in the following.

Definition 38 (Modal depth). The modal depth of a formula is defined inductively as follows.

md(p) 0
md(—g) = md(p)
md(p AY) = max{md(p), md(y)}
md([alp) = 1+md(p)
md(} {1 qiBr@i >q) = max{|mi| +md(g;) |1 <i<n}

where |7;| is the length of the sequence ;.

Here are some notions before we construct the canonical nonstandard model for ¢. We use A, to denote the set of
actions occurring in ¢, and (a|y)" to denote the set of sequences whose length is no bigger than n and whose actions are
in Aly. If s is a finite set of formulas, we use ¢s to denote /\MSI//. Let ~y = x if ¥ = —x, otherwise, ~¢ = =, It is
obvious that - =y <> ~v. We use sub™(¢) to denote the set Sub(¢) U {~¥ | ¥ € Sub(gp)}, where Sub(yp) is the set of all
subformulas of ¢. Let md(p) = h, and let .ZB~F*= be the set of formula that no probability formulas occurring in it. Next
we will define sets of maximal consistent sets for each k < h.

Definition 39. For each 0 <k <h, Ff and Atom;f are defined as follows.

e k=h
- I = {y esub™ (¢) |md(y) =0 and ¢ € LB Free};
- Atom? ={(s,h) | s is a maximal consistent subset of I'} };
e k<hbutk>0
- Ty ={y esub™(¢) Imd(y) <h —k and ¥ € L= F¥2}U {sub™ ((a)gs) |a € (Aly). (s.k + 1) € Atom_,};
Atom;f ={(s, k) | s is a maximal consistent subset of l‘l‘f};
e k=0
Y = sub* () U {sub™ (Be (s > 0) | (s, j) € Atom]‘f7 for some 1< j<h and 7 € (&ly)/} U {subT(Be(Y1 A+ AYj) >
0) [ Y1, ¥j €subt(p) N.LBFreey;
Atom} = {(s,0) | s a maximal consistent subset of I'y }.

From the definition above, we can see that Atomf is the set of all maximal consistent subsets of F;f. Ff is the set of all
propositional letters in sub™ (¢). For each formula y € F;f, we have md(y) < k. Probability formulas only occur in l‘g.

Since ¢ is consistent and ¢ € I'Y, it follows by Lindenbaum’s lemma that there exist (u,0) € Atomg such that ¢ € u.
Next we will construct a canonical nonstandard model with respect to ¢ and u and will show that ¢ is satisfiable in it.

Definition 40 (Canonical nonstandard model). The canonical nonstandard model MY w.rt ¢ and u is defined as

o ST —{((s,k) € Atom{ | 0 <k <md(p)}

R — {((s. k), a, (t,k+1)) | o5 A {(a)gy is consistent, a € Al,}

UM = {(5,0) € Atomg | s and u contain the same probability formulas}
Y (p) ={(s,k) | p €s} for each p € sub™(¢)

my .
My " will be defined later

By induction on k, it is easy to show that all F,‘f and all Atom;f are finite. Since each Atom,‘f is the set of all maximally
consistent subset of F;f, we have the following three propositions.
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Proposition 41. For each 0 < k < h, we have - \/seAtom;f ©s.
are )
Proposition 42. For each € I';, we have - <> \/{seAromees) @s.
Propeosition 43. Let B occur in some formula in sub™ (¢), then we have - B¢ = Z((s,m)emomf lpes) Br @s.

Before we show the truth lemma, we need to show two things: the existence lemma for formulas of the form (a)y, and a
¢
proper definition of the functions unm”. The following proposition is the “existence lemma” for formulas of the form (a).

Proposition 44. For each (s, k) € S™U and {(ayyr € sub™ (@), (@) € s iff there exists a state (t,k + 1) € S™ such that Y etand
(s, k) = (¢, k+1).

Proof. Please find the proof in Appendix G. O

¢
Next we will deal with the functions /L?Tn". By Definition 35, we know that these functions should satisfy some conditions
¢
to make that MY is a properly defined nonstandard model. Our strategy is to show that such functions pegn” does exist due
¢
to the completeness of linear inequality logic. By Definition 6, we know that /,L?Tn” is defined on U/|™. We firstly show that

¢ ¢ ¢
M,Tm” (t) > 0 for each t e 4|™ and that pL,,m” (t) =0 if t ¢ U|™. The following proposition will guarantee that Mnm” (t) > 0 for
each t eU|™.

Proposition 45. Given (s, k) € S™ and 7 e (Alp)k, (s, k) e UM implies - gy — B s > 0.

Proof. Please find the proof in Appendix H. O
4
To show that ,u%n” (t) =0 if t ¢ U|™, we need the following two auxiliary propositions.

Proposition 46. If B > 0 € u then there exists (s, 0) € UM such that Y Ees.

Proof. Please find the proof in Appendix I. O

Proposition 47. If (7t )y € s for some (s, 0) € Sm?j, there exists (t, |]) € S™ such that (5,0) = (t, |r|) and  is consistent with t.

Proof. We prove it by induction on . It is obvious if 7 := €. If it is ma, it follows by induction on 7 that there exists
(s', |7 € S™i such that (s,0) = (s’,|7|) and {(a)y is consistent with s’. Next, we only need to show that there exists

(t,|mal) € S™ such that ', 1)) Y (t,|mal) and  is consistent with t.

We construct an appropriate (t,|mwal) € Atomﬁm‘ by forcing choices. Enumerate the formulas in F“‘;m‘ as X1, Xm-
Define Do to be {v} then @y A {(a)pp, is consistent. Suppose as an inductive hypothesis that D; is defined such that
@s A{a)pp; is consistent where 0 < j < m. Therefore, either for D’ = DjU{x;+1} or for D’ = D;U{=x;11} we have that gy A

{(a)pp is consistent. Choose D j;q to this consistent expansion, and let t be Dy, N l‘;fm‘. Thus, we have (t, |ral) € Atom‘ﬁml.

s A {(a)g; is consistent and t is consistent with . Therefore, we have (s', |7|) Y (t,|mal) and (s, 0) - (t,|ma)). O
®
The following proposition will guarantee that ;an” ) =0ifte¢U|".
Proposition 48. Given (s, k) € S™ and 7 ¢ (Alp)k, (s, k) ¢ U |7 implies - @y — By s = 0.

Proof. For the case of k=0 and 7 := ¢, without loss of generality, assume that =y € u and ¥ € s for some probability
formula in Fg. Let x := A(s\ {¥}). By Axioms PRTR(€) and Add(e), it follows that - Beps > 0 <> ¢ A B¢ x > 0. Therefore,
we have - ¢, A Begs >0 — L, and consequently - ¢, — Bc@s < 0. It follows by Axiom Nonneg(€) that - ¢, — Begs =0.

For the case of k+ 1 and ma, by Axiom Nonneg(€), we only need to show + ¢, — Brqaps <O0. If ¢y A Brqps > 0 is
consistent, it follows by Axiom PRTR(€) that ¢y A Be(ma)ps > 0 is consistent. Since Be(ma)ps > 0 € l“g, it follows that
Be(ma)gs > 0 € u. It follows by Proposition 46 that (ra)gs € w for some (w,0) € U™, By Proposition 47 that there exists
(v,k+1)e€ S™ such that (w, 0) X (v,k+ 1) and s is consistent with v. This means that s = v, and then (s,k+ 1)

Z/Ifmf |7ra. This is contradictory with our assumption. Therefore, ¢, A Bzq¢s > 0 is not consistent, and consequently + ¢, —
Braps=0. O
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4
Now we are ready to show that there exist functions uﬂm” that are properly defined.

@
Proposition 49. There exist functions Mnsm,, where 7 € A* such that Y is a nonstandard model and that Z?:l qiBr i > q e u iff
me ¢
Y1 it (Di) = q where D = {(s, |7ti|) € U™ |™i | i € s} for each Y1 qiBr, i > q € sub™ ().

Proof. We only need to focus on the case of 7 € Jy—x<map) (alp)k.
Firstly, it follows from Proposition 41 that - T <« \/(S,O)emomg @s. By Axioms PRTR(¢) and Add(e) and Rules, it follows
that

Fo> D Begs=1 (1)

(s,0)eAtom)
By Proposition 45, for each (s, 0) € U™, we have
Uk Begs >0 (2)
By Proposition 48, for each (s, 0) ¢ U™, we have
Uk Begs=0 (3)

Secondly, it follows by Proposition 41 and 42 that - T < v(s,lﬂal)eAtom‘ﬁ,a‘ s and - (a)T < \/[(s,lnl)eAtom(‘fﬂl(a)Tes} @s. By
Axioms PRTR(¢) and Add(e) and Rules, it follows that

= Z Braps = Z Bz s (4)

(s,|na\)eAtom‘|‘;w‘ {(s,|n|)eAtomﬁﬂ\(a)Tes}

By Proposition 45, for each (s, |a|) € U™ |4, we have

UF Brags >0 (5)

By Proposition 45, for each (s, |al) ¢ UM |4, we have

Uk Brops =0 (6)

Thirdly, for each set E C Z/lfmm”", it follows by Axiom Add(wa) that - Byq \/(t,lnal)EE O = Z(t,\r{al)eE Bra¢:. For each

(t, |mal) €E, it follows by Proposition 42 that {a)¢; <—>\/[(s"m)eAmmﬁﬂl(umes} @s. What is more, since Ha>(\/(r,|na|)eE Or) <
V ¢.jwapek (@) @r, we have that

Fa \/ e \/ @s.

(t,|ra))eE {(s,ln\)eAtomi’;ﬂEl(t,\nal)eE:(a)(ptes}

By Axiom Add(mw), we have

FBr(a)( \/ @)= > B @s.

(t,|wal)eE {(s,lnl)eAtom‘ﬁﬂ |3(t, | al)eE:(a)pres)

By Axiom PRTR(7T), we have - B, \/(t,\ﬂal)ef @t < Bn(a)(\/(t!ma‘)eE ¢¢). Therefore, we have

= Z Bragr < Z B s (7)

(t.|ra)eE {(s,|m |)eAtom$ﬂ |3(t,|mal)€E: (a)pr es}

Moreover, for each set E C U™ |74, if there exists (s, |7r]) € U™ |™ such that R™ (s, |z|) N E # @ and R™ (s, |]) \
E # @, namely (t,|mal) € E and (t,|wa|) ¢ E for some (t,|mwal), (t,|wal) € R (s, |m]), it follows that F ¢ — @ (let
QF = \/(t,|na|)eE ¢t) and + ¢y — —@g. Therefore, we have - (a); A (@) — (a)@E A (a)—@E. Since - ¢s — (a)gr A (@)@, it
follows that - ¢s — (a)@f A (a)—@E. Therefore, we have - B ¢s < B ((@)@E A (a)—@E). It follows by Proposition 45 that u -
Bx (a)E A (a)—@g > 0. Thus, by Axiom PRTR(7), we have u - Brq@p < B (a)gg, namely ut Brq \/icp ¢t < Br Viep(@)@r.
Therefore, we have

utk Z Bragr < Z Br s (8)

(t|raheE (s I heu™ 7 3¢, Iral) e E: (@i es)
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Furthermore, for each x := Y I ; qiBx,¥i > q € sub™(¢), if x €u, it follows by Proposition 43 that

ub> (@i > Brs) > q (9)
i=1

{s.Imil) eAtomf, | |ies)

If x ¢ u, we have

n
ub> (@i > Br¢s) <q (10)
=1 {Gs.lmiheAtom [yies)
Finally, we now can construct a set of linear inequalities by replacing B ¢ in formulas of (1) to (10) by variables Xz (s |z),
¢
which represents ,u,%n" (s, |7|). Since u is consistent, it follows that this set of linear inequalities is also consistent. By com-

14 @
pleteness of linear inequality system, this inequality set has a solution. We define Mﬂm” by assigning /L?-[n” (s, |r]) the value
of Xz (s, |- 1t follows by (1) to (8) that 9m? is a nonstandard model. For each x := 2?21 qiBx;¥i > q € sub™ (p), it follows

by (9) and (10) that x € u iff Y7, qiu%ﬁ({(s, |i]) € Atomﬁ“I | ¥; €s}) >q. By (3) and (6), we have that M%Z} s, | =0

@ @
for each (s, |m;|) ¢ U™ |™i. Therefore, we have ll-nm,»" (s, i) € Atomfjﬁ| | Yies}) = u?,?” (Dy). O
Now we are ready to show the truth lemma.
Lemma 50 (Truth lemma). For each 0 <k < h, each (s, k) € S™ and each ¥ esubt(p) N F;f, we have MY, (s, k) I+ iff ¥ €.

Proof. If h > 0, we prove it by induction on k. For the case of k = h, each formula ¥ € sub™(¢) N l"f is a boolean formula.
Therefore, by induction on v, it is easy to show that MY, (s, h) IF ¥ iff ¥ €.
With the induction hypothesis that 91, (s, k) I+ v iff € s for each k < h, each (s, k) € S™ and each ¥ esubt(p)N I";f,

we will show that 9%, (s,k — 1) IF ¢ iff ¥ e s for each (s,k —1) € S™ and each ¥ esubT(p)N Ff_l. We prove this by
induction on . The boolean cases are easy by IH. For the case of (a)y, due to Proposition 44, the result can be shown by
a standard process [35]. For the case of ¥ := I ; qiBx, ¥ > g, by Definition 39, we know that k — 1 =0. Then we need to
show that MY, (s,0) IF 1, qiBx i > q iff Y1, qiBx, i > q € s. We have the following:

n
MY, (5,0) - Y qiBr Vi =

i=1
- omy omy
= Y qitt, " [¥illm," =g
i=1
@
where [y I5* = ((t. k) € U™ T | (£, k) = 1)
(Please note that by induction on 7 it is easy to show that (t, k) € uzm‘{f | implies k = |7 |)

n
my
= Zqz'un,- Di>q
i=1

¢
where D; = {(¢, |7i]) € U™ | | y; € £} (by IH, we have [I\/fi]]%t” =Dj)
n
— Z%‘Bm Yi>qeu (by Proposition 49)
i=1
. P
< ) aiBryizqes (by (s,0) e ™)

i=1

If h =0, by induction on v, for the similar process, we will also have %, (s, 0) I- v iff ¥ €s. O
Theorem 51 (Completeness). For each formula ¢, = ¢ implies - ¢.

Proof. We only need to show that if —¢ is consistent then there exists a pointed model M, s such that M, s E —g. If =g is
consistent, it follows by Proposition 34 that there exists a formula —¢’ such that - —¢ < —¢’ and d(—¢’) = 0. Please note
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that —¢’ is also consistent. It follows by Lindenbaum’s lemma that there exists (u, 0) € Atomoﬁ‘p’ such that —¢’ € u. Thus, we
can construct a canonical model MY based on —¢’ and u. It follows by Lemma 50 that 9%, (u, 0) I~ —¢’. By Proposition 37,
we have that there exists a pointed model M, s such that M, skE —¢’. Since - —¢ < —¢’, it follows by Theorem 25 that
M,sE—=p. O

6. Decidability

This section will show that the problem whether a formula ¢ € . is satisfiable in standard models is decidable. First,
we show that the problem whether a formula ¢ € £ is satisfiable in nonstandard models is decidable. Second, we show
that a formula ¢ € .0 is satisfiable in standard models if and only if it is satisfiable in nonstandard models. Since each
@ € £ can be transformed to be a formula ¢’ € .#°, thus the decidability of ¢’ in nonstandard models will lead to the
decidability of ¢ in standard models.

Given ¢ € 29, we use |@| to denote the length of ¢ and use f(|p|) to denote the size of the canonical nonstandard
model. From the construction of the canonical nonstandard model, we can see that f(|¢]) is a finite number bounded by
0 (md(p) - 2191md@)) We use ||p|| to denote the length of the longest coefficients that appear in .

Next we will show that the problem whether ¢ € #° is satisfiable in nonstandard models is decidable. By Lemma 50,
we know that if ¢ € .#0 is satisfiable then it is satisfiable in a finite model with size f(|g|). Please note that this does not
imply .#%’s decidability in nonstandard models because there might be infinitely many different probability functions on a
finite bounded domain. Therefore, to show .#? is decidable in nonstandard models, the key is to show that the size of the
probability functions that are shown in Proposition 49 are bounded.

Proposition 52. If ¢ € .Y is satisfiable in nonstandard models then it is also satisfiable in a nonstandard model with at most f(|¢|)
states where the value assigned to each state by Mnm is a rational number with size of O (r||¢|| +rlogr), wherer = O (|¢|!¢! +2 ey,

Proof. If ¢ ¢ 0 is satisfiable in nonstandard models, it follows by Proposition 37 that ¢ is satisfiable in standard models.
By the soundness of SCPPP with respect to standard models, we have that ¢ is consistent. As it is shown in the proof of
completeness, ¢ is satisfiable in the canonical nonstandard model whose size is f(|¢|). Next, we will show that for each

@
tely™ I, ,ugﬁ“ (t) is a rational number whose size can be bounded by O (r||¢|| + rlogr). Please note that we only need to
care about the action sequence 7 € (a,)™@),

In the proof of Proposition 49, we know that the value of ,uﬂfmf (t) is determined by the system of linear inequalities
listed by (1)-(10) in the proof of Proposition 49. Next, we will show how many linear inequalities are listed by (1)-(10).

By (9) and (10), for each x of the form ZT:] qivi > q and x € sub™ (), there is a corresponding linear inequality.
Therefore, (9) and (10) list at most |@| linear inequalities into the system.

(1)-(3) are the requirements that the function /fgmf needs to satisfy. They list 5 linear inequalities into the system.
Please note that the linear inequality x; + --- X, = q is two inequalities in the system, that is, x; +---x, >q and (—1)x; +
e (=Dxg = —q. .

(4)~(8) are the requirements that the function sy needs to satisfy for each ma e (2lp)™@). Given ma € (&],)™@),
(4)(6) list 5 linear inequalities. (7)(8) list 2 linear inequalities for each E C &/™% |74, Since /™ 7@ € S™ and the size
of S™ is f(|gl), there are at most 2/(#D such subset E. Therefore, (4)~(8) list at most 5+ 2 x 2/ (¢ linear inequalities for
each a e (a]y)™ @, Since there are at most |¢|'“/sequences in (a],)™®), thus (4)~(8) list at most |¢|¥(5 + 2 x 2/(¢D)
linear inequalities in the system.

Therefore, (1)-(10) list at most |¢| 4+ 5 + |¢|!?!(5 + 2 x 2fU¥D) linear inequalities in the system of linear inequalities.
Since |@| +5 + ||| (5 + 2 x 2f(#D) <, there are at most r linear inequalities in the system. It follows by the lemma 4.10
in [31] that there exists a probability function ,u?rﬁ such that the value assigned to each state by Mnsm is a rational number
with size of O(r||¢|| +rlogr). O

The following proposition follows immediately.
Proposition 53. Given ¢ € .#°, the problem whether ¢ is satisfiable in nonstandard models is decidable.

Proposition 37 has shown that if %9 is satisfiable in nonstandard models then it is satisfiable in standard models. To
reduce the satisfiability of .#? in standard models to the satisfiability of .#° in nonstandard models, we still need to show
that if .0 is satisfiable in standard models then it is satisfiable in nonstandard models.

Proposition 54. If ¢ € .0 is satisfiable in standard models then ¢ is satisfiable in nonstandard models.

Proof. The proof can be found in Appendix L. O
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With Propositions 37 and 54, we have the following proposition.
Proposition 55. ¢ € £V is satisfiable in standard models if and only if ¢ is satisfiable in nonstandard models.
Now, we are ready to show the decidability in standard models.
Theorem 56 (Decidability). Given ¢ € .Z, the problem whether ¢ is satisfiable in standard models is decidable.

Proof. Assume the nesting degree of ¢ is d(¢) =k. It is obvious that k < |¢|. Let ¢1, --- , ¢; where i <k is the subformulas
of ¢ such that d(¢j) =1 for all 1 < j <i. The proofs of Proposition 31 and Proposition 33 supply procedures to transform
each ¢; to a formula go} such that - ¢; < go;. and d((p}) = 0. Since the length of each ¢; is finite, the procedures can be
terminated in a finite number of steps. We can then obtain the formula ¢’ by replacing each v; with 10}- It follows that
d(¢’) =k — 1. By Proposition 28, we have - ¢ <> ¢’. If k — 1 > 0, we do the same procedure for ¢’. Therefore, we can obtain
a formula ¢ in a finite number of steps such that ¢ < ¢ and d(y) =0.

It follows by the soundness that ¢ is satisfiable in standard models if and only if ¢ is satisfiable in standard models. Since
¥ e ZY, it follows by Proposition 54 that v is satisfiable in standard models if and only if it is satisfiable in nonstandard
models. By Proposition 53, the problem whether v is satisfiable in nonstandard models is decidable. Therefore, the problem
whether ¢ is satisfiable in standard models is decidable. O

7. Conclusion

In this paper we developed a logical framework for conformant probabilistic planning. As we argued, this approach
differs from existing approaches to conformant probabilistic planning by focusing on a logical language with which to
specify plans. Rather than thinking of goals of plans as subsets of the set of nodes of a probabilistic transition system, our
framework allows one to think of the goal as a formula, which may be more convenient when we formulate goals that are
probabilistic in nature.

The particular logic we developed allows for reasoning about conformant plans and their probabilistic consequences.
We provided an intuitive semantics, which makes it clear how probabilities change as actions take place. We also pro-
vided a complete axiomatization of the logic, which shows it is rather well-behaved for a logic that deals with conformant
probabilistic planning.

As for future work, the first thing to do is find a way to actually do planning using our framework, like the previous
work in the non-probabilistic setting [24]. For now, only plan verification can be captured by model checking within our
framework. We need to extend the language with some program operator as in [24]. We also hope to expand this work to
the multi-agent setting, where different agents may have different prior probability distributions about the current state of
the transition system.

Another direction for future research is to handle contingent planning. For this, we need to generalize the framework by
defining the logical language directly over POMDP with explicit observations. For probabilistic contingent planning based on
POMDP, the plan is usually a policy mapping belief states into actions (cf. [36]). Therefore, to deal with the reasoning in
POMDP planning, we also need to expand the language and semantics to talk about policies.

Furthermore, with possible implementation in mind, future research will include determining the complexity of algo-
rithms for model checking and planning, which will make a comparison with other Al approaches to planning (with or
without probability), such as the complexity results in [37,38]. The ultimate goal is to implement our framework such that
we can compare with existing tools in Al based on plan generation time or plan quality.

Acknowledgements

Yanjun Li acknowledges the support from the Fundamental Research Funds for the Central Universities, the Major Project
of the National Social Science Foundation of China (15ZDB018), and the Major Project of the Humanities and Social Science
Foundation of Educational Commission of Hebei Province (ZD201818). Yanjing Wang thanks the support from the Major
Project of the National Social Science Foundation of China (12&ZD119). The authors are grateful to the anonymous reviewers
of this journal who helped to improve the paper.

Appendix A. Proof of Proposition 28

Proof. We prove it by induction on ¢. We only focus on the case of Z?:] qiBx, i = q; the other cases are straightforward.
If 9 := 31 1qiBx@i > g, it follows by IH that - ¢; < ¢;(y/x) for each 1 <i <n. By the Equivalence rule in Table 1, we
have that By;¢; = Bx;¢i(/ x). It follows by linear inequality logic that - ¢ < Z?:l qiBr,0i(¥/x) >q. O
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Appendix B. Proof of Proposition 29

Proof. Firstly, with the theorems that - —(¢p A ¥) < =@ V =Y, - =(p V ¢) < =@ A =, and - ——@ < ¢, we can push
negations down. Therefore, we can assume that ¢ is of the form that its negation subformulas are negative literals, namely,
=p, —la]y, or —-(Z?:] qiBz,¥i > q). Then we can define a translation function t as: t(p) = p; t(—¢) = —t(¢); t([aly) =
[alt(e); tQX i1 qiBr Vi > @) = Y_i_1 QiBmt (Y1) = q; t(¥ A x) =t(¥) At(x); and t(y v x) is defined as follows.

1Lty Vv x)=t)vit(x) if ¥ and x are literals.
2. If Yy =v1 A--- Ay then

t@ v ) =) VEQO) A== A (EWm) V E(X))

If x is not a literal but of the form x; A--- A xx, we take one more step to replace each t(v;) v t(x) with (t(y;) v
t(X1)) A A W) v E(XKD)-

By induction on ¢, it can be shown that F ¢ <> t(¢) and that t(¢) is in conjunctive normal form. 0O
Appendix C. Proof of Proposition 30

Proof. To make the proof shorter, let x := Y ; qiBr@i<q and x':=> 1 qiBar,@i<q.
=

F[al(x vV ¥) Alal=x — [al¥ by normal modal logic

F{a)x — (a)T Alalx by normal modal logic and Axiom DET

F(a)T Alalx — x' by Axiom CP

Fax — x" by (2).(3)

F=x"—lal=x by (4)

Flal(x v¥) A—x'— [aly by (1) and (5)

Flal(x vy) — x'Vvialy by (7)

(1) F[aly — [al(x v ¢¥) by normal modal logic
(2)F x'— ((a)T — [alx) by Axiom CP
B)Fx'—lallvialx by (2)

(4) F[a]lL — [alx by normal modal logic

(5)F x'—lalx by (3)and (4)

(6) = x"—lal(x vy) by (5)

(M) Fx'vialy —lal(x vy) by (1)and (6) O

Appendix D. Proof of Proposition 31

Proof. Since d([a]¥) =1, ¥ cannot be in the form of [b]x or —[b]x. By Proposition 29, we assume 1 is in conjunctive
normal form and [a]y :=[a](¥1 V --- V ¥y V ') where d([a]y’) =0 and for all 1 <i <n, ¥; := Z?‘:] qijBnij Xi; > gi and
forall 1 <j<ip, d(Bﬂi}_ Xi;) = 0. By induction on n, we will show that there exists a formula ¢ with d(¢) =0 such that
Flaly < @.

Ifn=1, [aly = [a](ZT:1 qjBrjxj =qVvy'). Let ¢ := (ZT:1 jBar;Xj = qBaT) v [a]y’ then we have d(p) = 0. It follows
by Axiom ConP that F [aly < @. If [a]ly :=[a]l(¥1 V - V Yny1 V ') where i := Z;"zl ql‘iji Xi; > qi for each 1<i<

n+1. Let ¢ := (Z}":l 91;Bamy, X1; = 41BaT) V[al(¥2 V-V Yny1 V) then we have d(Z}.L] q1;Bar,, X1, 2 41BaT) =0. It
follows by Axiom ConP that + [a]yr <> ¢’. By induction on n, it follows that there exists a formula ¢” such that d(¢” = 0)
and F ¢” < [al(¥a V -+ V Yne1 VYY), Let @ = (Z}; quB(NT]j X1; = q1BaT) v ¢” then we have d(¢) = 0. It follows by
Proposition 28 that ¢ <> ¢’. Since I [a]y <> ¢/, it follows that - [a]y < ¢. O

Appendix E. Proof of Proposition 32

Proof. (1) =681 — Bz80=B; T by Axiom ITSP

2)FBz8o=BzT—=> Bz ((SoVV¥)AX)=Brx by probability logic
3) 81— Br(GoVy)AX)=Bxx  by(1)and (2)

4) =81 —> Bz =80 =BT by Axiom ITSP

5)FB;—80=BzT — Bz8g=0 by probability logic

6) =81 — B89 =0 by (4) and (5)

7)EBz30=0— Bz ((oV¥)AX)=Bz (¥ A Xx) by probability logic
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(8) =61 = Bz ((do VY) A X)=Bx (¥ A X) by (6) and (7)
(9) FqoBr (o VY)A X))+ T q< (81 AQoBrx + T q) V(=81 A(QoBr (¥ A x)+ Tz q)) by (3), (8) and linear
inequality logic O

Appendix F. Proof of Proposition 33

Proof. By Proposition 29, we assume that each ¢; (1 <i <n) is in conjunctive normal form. Since d(¢) = 1, it follows
that at least one ¢; has a probability literal for some 1 <i <n. Assume that @1 has a probability literal, namely ¢; :=
Cin B Xj>aq' v x") A x". Then g is in the form of q;Bx, (X7 B xjead v X" A X"+ >t 5 qiBr,¢i > g where
d(BnJ/.XJ/-) =0 for all 1 < j <m. Let k be the number of occurrences of probability literals in ¢1,---, @,. We prove it by
induction on k.

If k=1, it follows that d(Bx(x" A x")) =0 and d(Br,¢;) =0 for all 2 <i <n. Let ¥ :=q1Br, X" + Y 15 Br,oi > ¢
and V2 :=q1Bx, (X" A x") + X1y Br, xi = . It follows that d(y1) =d(¥2) =0. Let ¢’ := ((ZT:1 Bjmj/, X]/- s<1q'Bz T) A1) vV
(—.(Z’}L Bm} X} ><q Bz T)Avr). Since d(Z’]ﬁ:1 Bm}xjf > q'B; T) =0, it follows that d(¢") = 0. It follows by Proposition 32
that - ¢ < ¢'.

Ifk=h+1and h>0,Let y1 :=q1Br, X" + X 15 Br;¢i > q and ¥2 :=q1 B, (X" A ")+ D15 B, xi > q. It follows that
d(yr2) =1 and the number of occurrences of probability literals in x” A x”’, @2, -+, ¢ is h. It follows by IH that there exists
a formula ¥ such that d(y) =0 and F ¥, < ). If d(y1) =1, it follows that the number of occurrences of probability
literals in x", ¢2,---, @y is less than or equal to h. It follows by IH that there exists a formula v; such that d(y) =0
and F Y1 < Y. Let ¢ := (1L By X220 Ba T) AY1) V (~(CTLy Br X2’ Bx T) A2) and ¢ := (L By X o
aBzT) AYp Vv (—CTL, Bﬂﬂ]/_xj/. > q'Bz T) A y3). Since d(31L, Bm,}/_xj/. ><aq'B; T) =0, we have d(¢’) = 0. It follows by
Proposition 32 that - ¢ <> ¢”. It follows by Proposition 28 that + ¢’ <> ¢”. Therefore, we have - ¢ < ¢’. O

Appendix G. Proof of Proposition 44

Proof. We leave the proof of left-to-right to the reader. Please note that it follows by the definition that k < h since {(a)y € s
and s € Atom,‘f. Assume that (a)y € s and that there does not exist (t,k+1) € S™ such that Y et and (s, k) Y (t,k+1). 1t
follows that for all t € Atomfﬂ: if ¥ et then ¢+ [a]—¢;. Let t1, --- , t; be all the sets in Atom,‘f+1 such that ¢ is a member
of them. It follows by Proposition 42 that - ¥ <> ¢, V --- V @,. Moreover, since - ¢s — ([al—¢r, A--- Alalegy,), it is easy to
show that - ¢s — [a]—y. This is in contradiction with {(a)ys € s and the assumption that s is consistent. Therefore, we have
shown if (a)y € s then there exists (t,k+ 1) € Smf such that v €t and (s, k) LY (t,k+1). O

Appendix H. Proof of Proposition 45

Proof. For the case of k=0 and 7 :=¢€, let D C s be the set of all probability formulas in s, and let ¢ := AD and x :=
A(s\ D). By Axioms PRTR(€) and Add(e), it follows that - Bcgs <0 <> =y Vv B¢ x < 0. Since (s, 0) eumf, it follows that
F @y — ¢. Thus, we have F ¢y A Bes <0 — Bex <0. Since + ¢s — , it follows by Axiom T that - ¢s — B¢ x > 0. By
Definition 39, it follows that Bex >0 ¢ F(g. Thus, we have B¢ x > 0 € s, and consequently B¢ x > 0 € u. Therefore, we have
F@u A Bews <0— L, and consequently F ¢, — Begs > 0.

For the case of k+1 and ma, it follows by (s, k+1) € U™ |7 that there exists (w, 0) € UM such that (w,0) = (s, k+1).
Since + By (a)y > 0 — Brq¥ > 0, by induction on 7, it can be shown that - B¢ (ma)y > 0 — Brq¥ > 0. Since w and u
share the same probability formulas and B¢ (wa)ps >0 € Fg, by Axioms T, we only need to show that (ra)ps € w. Next we

will show it by induction on 7. It is obvious for the case of a. For the case of wa, we have that (w, 0) = w’, k) Y (s,k+1)

for some (W', k) € S™ 1t follows by induction on 7 that ()¢, € w. Moreover, since (a)gs € w’, we have I @, — ()@
and + ¢, — (a)@s. Therefore, we have + ¢,, — (7a)gs, and consequently (wra)ps € w. 0O

Appendix I. Proof of Proposition 46

Proof. Let D be the set of all the probability formulas in u. We then only need to show that D U {yr} is consistent. If it
is not, we have - ¢p — —. It follows by Axiom PRTR(€) that B¢(—¢p vV —) = 1. Since —@p is a boolean composition
of probability formulas, it can be shown that - —¢p v Bc—y¥ = 1. Since + ¢, — ¢p, we have + ¢, — B~y = 1. By
Axioms PRTR(€) and Add(e), it follows that F ¢, — B¢y = 0. This is contradictory with B¢y > 0 € u. Therefore, D U {y/}
is consistent. O



78 Y. Li et al. / Artificial Intelligence 268 (2019) 54-84

Table J.2

Linear inequality axioms.
Identity t>t
0 terms St giti>q < Y qiti +0t' > ¢q
Permutation Y1 Giti = q— Y At =g

where kq, ---k; is a permutation of 1,---n.
Addition gtz A Gt =2 q) = Y @i + gDt =g +q'
Multiplication Y"1, qiti > q < Y1, dgit; > dq (d is a positive rational)
Dichotomy t=qVv(t=<q

Monotonicity (t>q)— (t >q') where q > ¢’

Appendix J. Logic of linear inequalities

Definition 57 (Linear inequality axioms). Let t1, - --t, be terms and g and g’ be rationals. The axioms of linear inequality logic
(see [31]) are presented in Table ].2

Appendix K. Proof of Proposition 37

The only differences between standard models and nonstandard models are probabilities. Recall Definition 6, and we
know that in standard models, u, is calculated by the probability B and the probability Pry. Since e in nonstandard
models is the same as B in standard models, the first claim is to show that there exist such functions Pr, that Pry is a
probability distribution and that 1, in nonstandard models coincides with g, which is calculated by this Pr, and pe. The
idea of the proof is that we list a set of inequalities based on the probability (. in nonstandard models and the conditions
that Pr, needs to satisfy, and then we show the inequality set is satisfiable.

Claim 1. Define probability functions Prig : Rg" yom r xqgomra — Q7 such that 3, . on ) Prifg (s, t) = 1 for each s € U™ ™ where
a is executable at s, and that Z[Seumzln teRI (5)) ,u.%n(s) . Pr%(s, t) = u?gg(t) foreach t € YH|7C,

Proof of Claim 1. If s is the current state after doing 7 and s S, Prnma(s, t) represents the probability of reaching t by

continuing to do a in s. Let Y™ | ={s1,---,Sn, -, Sy} such that action a is executable at each 1 <i <n and unexecutable
at each n <i<n'. Let U™ |T@ ={t,--- , tn}, then the accessibility relation of a on U™ | x U™ |™@ can be roughly depicted
as follows.

uim|na

We now describe a set of linear inequalities over variables of the form x( j, for (si,tj) € Rgﬁluim‘nxuim‘ﬁu. We can
think of x(; j) as representing ;L?Tﬁ(s,-) ~Pr?3},(s,~,tj). For each (s, t)) € Rafmmm‘nxumz‘m. to make sure Pr?gg(si,tj) >0, we
only need to request that

Xi,j) > 0. (K1)

For each 1 <i <n, to make sure erengm i) Pr%]g(si, tj) =1, we only need to request that

Y X =G0 (K2)

tieR (si)

For each 1 < j <m, to make sure Z(s,-euf’f’f\”\rjeng’ﬂ(s,-)) ,u?gt(si) . Pr%’f,(s,-, tj) = Mnma(tj)v we only need to request that
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> X(i.j) = Mg (t)). (K3)

{si U7 |t;e R (5i))

Next, we only need to show that the set, S, of linear inequalities described in (K.1) to (K.3) has a solution. By the
solvability theorem [39]:

Let S be a set of linear inequalities. If the inequality 0x; +---+0x,; > 0 is not a legal linear combination of the inequalities
of S, then S is solvable/satisfiable.

We only need to show that
> 0x(.j) > 0 (K.4)
(Siqu)ERém\MmWXum‘m

is not a possible legal linear combination of S. (For the definition of legal liner combination please see [39].) If possible, let
M?,”(si) =a; and u%(rj) =b; then there exists a scheme (see [39]) of S as shown in Table K.3 such that

uy, jry > 0 for some (sy, tj) € Rﬁﬁumw <UD |Tas (K.5)
d(i’j) =Ugpyt+rit+wj= 0 for each (s;, l'j) € R(?n|ui7n|7r XU |Tas (K.6)
d=—ug+ra; +---+rmay +wib1 + - + Wby =0 (K7)

R — ) o/ . .
where r; =T 4 — Ty and w; =Wy — Wy, forall1<i<nand 1<j<m.

Let a group G be a minimal subset of Z/”|"® such that for each t € G if s L tand s> ¢ for some s e U™ then t' €G.
It is obvious that /™ |"@ can be divided into several such groups. Let one of these groups be {t1,--- , ty}, and we will write
it as {1,---, h} for abbreviation. For each je G, let Dj={1<i<n|(s,tj) € Rgﬁ‘ui)ﬁ‘n <y za}, Which is the set of all the

numbers i such that s; e /™| and s; 4 tj. For each i € Dj, since d(; j) =0 and u( j) > 0, it follows that w; < —r;. Given
j € G, we use Tw; to denote the maximal number in {r; |i € D;}. Since wj < —r; for all i € D}, it follows that w; < —Tw;-
Without loss of generality, we assume that ry, <-.. <r,,. We use D1 ; as an abbreviation for Dq U---U Dj. It follows by
Definition 35 that ZieD”‘ aj =bq+---+ by and that ZieDlyk a; > by + --- + by for each k < h. We then have the following:

h
D iepy , Tii + 2 j— Wibj
h
< ZIEDl,h riai + Z]‘:] —rwjbj
h
= 1w (Xiep, @ —b1) + Xiep, y\p, Tili + X jy —Tw;bj
m
= Twy(Xiep,, @ —b1=b2) + Xiep, \py, TiGi + 2 j—3 —Tw;b;

(K.8)
because of (K.9)
h
=Twy, - (Xiep, , % + 2j=1 —b))
=0
For each 1 <k < h, we have the following.
k h
Tw(Xiep, @i+ 2j=1=bj) + Xiep1.mpy , Tii + 2 j—k1 —Tw;bj
I h
= T iy G + Xjet =D + Twiss Lienga 0y 8+ Xiedy y\0y oy T80 + Xjmkert ;b (K.9)

) k ) ) L m )
= Twieer (ien, @i 2 j=1 =05 + Twis 2Ziepy\Dre @ T 2ieDy \Dy sy T19 + 2 jmiey1 —Tw;bj

_ , k1 . h )
=Twiiy (ZieDL(kH) ai+ 352 —bj) + ZieDLh\DL(kH) Tidi + 3 i _gy2 —Tw;bj

Because of the property of group, it follows that if G and G’ are two different groups, and t € G, t' € G’ then D; N\ Dy = .
Assuming U™ |79 is divided into I groups, it follows that

d=—ug+ Z ( Z ria; + Z wibj) (K.10)
1<k<l ieDg, JjeGy

Since d =0, —up <0 and } ;.p ridi + D jccWjbj <0 for each group G, it follows that ug =0 and };.p_riai +
ZjeG wb; = 0. It follows that each inequality of (K.8) or (K.9) equals 0, especially,
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Table K.3
Scheme.

Up = 0: Z(Sl.f;)GR?Z\Mm‘nxuwz ma 0xq.j) >-1
Ui, =0: X,1) >0
Ug jy = 0: X(i, j) >0

rn=o Dt erP s X)) =

=0 teRP (s1) ~X(1d) zZ-0
/ . 2
Ton—1 = 0 Zr,engm (sn) X0, J) = n

/ .

Ton 2 0: LR s~ = ~n

wy = 0: s U™ R (spy) XD > by

/

wy20 (et |7 |t e R (s)) TR e
/ . .

Won_1 2 0: D5 UM e R (s1)) XGm) > bm

/
wym=0 (iU tneRP ) ~XGm) = ~bm

da.pXan + - +dapXaj >d

(Scheme is a systematical way to get a logical consequence
of a set of inequalities. Please see [39].)

Zria,-—i—ijbj: Zria,-+2—rwjbjzo. (K11)

ieDg jeG ieDg jeG

Moreover, by (K.9), we have that for each 1 <k <h,

k k
Twe( D i+ Y —=bj)=Tw,, (> ai+ Y —bj), (K.12)

iEDl_k j=1 l‘EDLk j=1
Z TiGi =T, Z aj. (K13)
i€Dk41\D1 i€Dg11\D1

Since } icp, , ai + Z’]‘-:1 —bj > 0, it follows by (K.12) that ry, =ry,,, for each 1 <k < h. Next, we will show that for each
1<k <h, namely t; € G, i € D, implies r; =ry,. For the case of k=1, it is obvious from (K.8). For the case of k + 1, if
i € Dgy1 \ Dy, it is obvious from (K.13). If i ¢ Dy 1 \ D1, it follows by IH that r; =ry,, for some k' <k. Since rw, =rw,,,
for all 1 <k <h, it follows that r, it follows that r; =ry, .

By (K.5), we have known that u jy > 0. Since r; =ry and d jy = u¢ jy +1i +wj =0 for all i € Dy, it follows that
ug,jy =uy j for all i € Dy. Since u jy > 0, it follows that Twy +Wj < 0, namely wj < —Tw,. Thus, for the group G such
that j' € G, we have the following

Z ria,-—i—ijbj < Z r,-a,-—}-Z—erbj.

ieDg jeG ieDg jeG

This is contradictory with (K.11). Therefore, (K.4) cannot be a legal linear combination of S, and it follows by the solvability
theorem that S has a solution.

Therefore, we define function Pr?gg on Rgﬁ‘ui)ﬁ‘ﬂxuﬁﬁ‘na as Pr?gg, (si, tj) = x(,-,j)/,u?gt (sj) for each (s;,tj) €
Rflmlumqn sy a1t follows from (K1) to (K.3) that Pr% : R2"|uf_m‘n XU g —> Q* such that ZteRém(s) Prﬂma(s, t)=1 for
each s e Y™™ where a is executable at s, and that DU R 5)) w2t (s) - Prifis, t) = u2k(t) for each t e U™ ™%, o

Please recall that an execution path o € EPgy(a; ---ay) is an alternating sequence of states and actions, Sopay - - - Sp, where

so € U™ and si_4 & s; for each 1 <i <n. Given o :=spa;---s,, we use T(o) to denote the last state s, and p(o) to the
action sequence aj - - -a. Given t € U™, let [0]F ={o € EPon () | T(0) =t}. Next, we construct a standard model based
on the execution paths of 9.

Claim 2. Construct a standard model 9*® such that u2* ([0 17) = u2*(t) where 7 € Uo<k<md(e) (alp)k and t e U™,

Proof of Claim 2. We define the standard model 9)t* as follows.
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s {0 € EPon(m) | € Uofksmd@)(mw)k}
R = {(0,a,0")|aenrly, 0’ =oat}
m¥ (o,a,0at) = Prgj(to_)a(T(o')’ t)
u™ = uﬁT
Bm. = Mgﬂ
V7 (p) = {0 |T(0) e V™ (p)}foreach p e subt(p)

By the definition above, it is obvious that o € U™ ™ iff T(0) € U™ for each o € S™. By induction on 7 we will
show that w2 ([0 1F) = u2(t). It is obvious for the case of . For the case of 7a, we have the following.

w2 (oatF = 2 ({o'at | s e U™, t e RZN(s), 0" € [01F))

= > > iy (o'ar)

(seUM |7 |teRP (s)} o' €lo]f

Z wu o'y P (o', a,0'at)
{seUM |7 |teRP(s)} o' €lo T

Y uF (@) Prigts, 0

(seUM |7 teRP (s)} o' €lo]f

Prig(s,t) Y pyt (o)

(s |7 |te R (s)} o'elolf

Prfis,t) - ui(s) (by IH)

]

g

]

g

{sel ™ |7 |teRF (5)}
=u(t) (by Claim 1)

Therefore, we have shown that u2%" ([o]F) = u2X*(¢) for each t e U™ |*. O

Claim 3. 9*, o £ iff M, T(0) I o for each o € S™" and y € sub™ (p) such that no probability formula occurs in 1.
Proof of Claim 3. By the definition of 9)t* in Claim 2, it is obvious. O

Claim 4. O*, s = iff M, s I for each s e U™ and € sub™ ().

Proof of Claim 4. We prove it by induction on 1. We only focus on the cases of [a]y and Z?:] qiBr; i > q; the other cases
are straightforward.

For the case of [a]y, since d(¢) =0 and [a]y € sub™ (@), it follows that there is no probability formula occurring in [a]y.
It follows by Claim 3 that 9t°, s E [a]y iff 90, s |- [a]y.

For the case of v := Zl 19iBz, i > q, we only need to show ;. ([[w,]] um * (™ I 1. Please note that there is
no probability formula occurring in v; since d(¢) = 0. We have the followmg

(il = > M (t)
(el |1 O, L3 )
= Z e (g ) (by Claim 2)

(el ™ 7 1900, 1)

= Z Z Kz, (0)

LU i (o' e[a 17T M, ti )

= > > pato’) (by Claim 3)

teUT i (o' e[0T 1M, 0 i)
o
= 2 Mm@
{o €U |Ti |90 o Fyi}

=2 (™) o
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Appendix L. Proof of Proposition 54

Proof. Given a standard model M = (SM, RM prM yM BM YMy with M, sk ¢ for some s € UM, we define the
nonstandard model M* as SM* = SM; RM® = RM; yM* =yM; yM* = pM; M = M Please note that u! is
defined in Definition 6.

First, we need to show that M* is indeed a nonstandard model. We need to show the following claim.

Claim 5.
L pM UMy =1and uM(s) > 0 for each s e UM*;
2. upd UM = pd (s e UM R () # 0) and gt (©) > 0 for each ¢ e UM
3. IL%.(E) < M}.{[\A'({s eZ/IM.|n |t e E s & t}) for each E gL{M.Imi
4 M (E) < pM (s e UM |3t € E 55 1)) for each E € UM 7 such that R (s) N E # & and R (s) \ E # @ for
some s € UM|7.

Proof of Claim 5. 1. Since uM" = BM, this is obvious.
2. First, we show 2" (t) > 0 given t € UM" |79, Since t € UM" 7@ =M |79, it follows that there is a sequence soas - - - S

such that so € UM, s; "5 s;,1 for all 0 <i <n, and s, =¢. It follows that BM (sg) > 0, Pr'™ (s;, ais1, Siz1) > O for all 0 <
i <n. It follows by Definition 6 that u% (t) > BM(sg) x H?:]PrM (si—1, aj, s;). Since BM (sg) x 1'1?2113’rM (si_1,ai,si)) >0
and u%' = ,u%, it follows that ,U,{T\f]"(t) > 0.
Second, let D = {s € YM"|" |R{,W(s) # (0} then we will show /L%'(UM.WG) = ,uﬁ/"(D). By the definition, we
only need to show UM ™) = uM(D’) where D' = {s € UM ™ | RM(s) # @}. If UM|7% = g, it is obvious. If
UM £ g, it follows that UM = [TIMI™ and D’ = [[(a) TJMI". By Proposition 11, it follows that w2 @M |7 =
n' (D).

3. We only need to show that /L%(E) < Mﬁ"({s eUM|T |FteE:s 4 t}) for each E € Y™M|™2. Given E € UM |79, let

D={seUM|"|3FteE:s 5 t}. If E =@, it is obvious. If E # @, for each t € E, there exists s € D such that s Lt
Moreover, it follows by Definition 6 that for each t € E,

urtey = Z u(s) x PrM(s,a,t)
[seD|s—a>t]

We then have the following:

M (E)
= Yrer Haa®
= DteE (Z{semsit} pa(s) x PrM(s, a, 1))
= Ysep Mz (9) x (Zte(EnRg\/‘(s)) Pri(s, a, 1))
< Y.pu(s)  since0 < Y teEnrMs) PrM(s,a,t) <1
= uzx'(D)

4. Given u e UM |™ and E C UM |™9, there are v, v’ € R({Vl(u) such that v € E and v’ ¢ E. We need to show M%(E) <

,u{TVI(D) where D={s e UM|" |t €E:s Y t}. In 3. above, we have shown that u%(E) < u,/TV‘(D) since for each
seD:

pte x (Y PrMsan) <upe)
te(ENRM (s))
which is due to
o< Y  PMsan<t,
te(ENRM (s))
However, since there are v, v’ € R({‘A (u) such that v € E and v’ ¢ E, thus we have

o< Y  pPMuwan<l
te(ENRM )
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Therefore, we have

prtwyx (Y PM@.an) < py'@).
te(ENRM (u))

Since u € D, it follows that u24(E) < u2(D). O

Second, by induction on the formula v, it is easy to show that M*, t I+ v if and only if M|7,t E ¢ for each ¥ €
#BFree each t € SM, and each 7 € A* with t e UM|7.

Third, we will show M, u Iy if and only if M, uE for each ¢ € .#° and each u € 4. We prove it by induction
on . Please note that ¥ € .. Due to the second step, here we only focus on the case of Z?:] qiBz, i > q. Since ;L{}"‘ =

u;ﬁi/l', we only need to show [y;JM/™ = [[1//;]]7/,\1_/". Since v; € .#BFree it follows by the second step that [y ™M™
[yilly". O
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