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Abstract

We give two geometry of interaction models for a typed A-calculus with recursion endowed with operators
for sampling from a continuous uniform distribution and soft conditioning, namely a paradigmatic calcu-
lus for higher-order Bayesian programming. The models are based on the category of measurable spaces
and partial measurable functions, and the category of measurable spaces and s-finite kernels, respectively.
The former is proved adequate with respect to both a distribution-based and a sampling-based operational
semantics, while the latter is proved adequate with respect to a sampling-based operational semantics.
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1. Introduction

Randomisation provides the most efficient algorithmic solutions, at least concretely, in many
different contexts. A typical example is the one of primality testing, where the Miller-Rabin
test (Miller 1976; Rabin 1980) remains the preferred choice despite polynomial time determin-
istic algorithms are available from many years now (Agrawal et al. 2002). Probability theory can
be exploited even more fundamentally in programming, by way of the so-called probabilistic
(or, more specifically, Bayesian) programming, as popularised by languages like, among oth-
ers, ANGLICAN (Wood et al. 2014) or CHURCH (Goodman et al. 2008). This has stimulated
research about probabilistic programming languages and their semantics (Danos and Harmer
2002; Ehrhard et al. 2018a; Jones 1990), together with type systems (Breuvart and Dal Lago 2018;
Dal Lago and Grellois 2017), equivalence methodologies (Crubillé and Dal Lago 2014; Dal Lago
et al. 2014) and verification techniques (Sato et al. 2019).

Giving a satisfactory denotational semantics to higher-order functional languages is already
problematic in presence of probabilistic choice (Jones 1990; Jung and Tix 1998) and becomes
even more challenging in presence of continuous distributions and scoring. Recently, quasi-Borel
spaces (Heunen et al. 2017) have been proposed as a way to give semantics to calculi with all these
features, and only very recently (Vakar et al. 2019) this framework has been shown to be adaptable
to a fully fledged calculus for probabilistic programming, in which continuous distributions and
soft conditioning are present. Probabilistic coherent spaces (Danos and Ehrhard 2011) are fully
abstract (Ehrhard et al. 2018a) for A-calculi with discrete probabilistic choice, and can, with some
effort, be adapted to calculi with sampling from continuous distributions (Ehrhard et al. 2018b),
although without scoring.
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A research path which has been studied only marginally, so far, consists in giving semantics
to Bayesian higher-order programming languages through interactive forms of semantics, for
example, game semantics (Abramsky et al. 2000; Hyland and Ong 2000) or the geometry of
interaction (GOI) (Girard 1989). One of the very first models for higher-order calculi with
discrete probabilistic choice was in fact a game model, proved fully abstract for a probabilistic
calculus with global ground references (Danos and Harmer 2002). After more than 10 years, a
parallel form of Gol and some game models have been introduced for A-calculi with probabilistic
choice (Castellan et al. 2018; Clairambault and Paquet 2018; Dal Lago et al. 2017), but in all these
cases only discrete probabilistic choice can be handled, with the exception of a recent work on
concurrent games and continuous distributions (Paquet and Winskel 2018).

In this paper, we will report on some results about two Gol models of higher-order Bayesian
languages: one is a Gol model closer to the standard Gol semantics presented in terms of so-
called token machines and the other is a Gol model based on s-finite kernels (Staton 2017). The
distinguishing features of the introduced Gol models can be summarised as follows:

« Simplicity. The categories on which the models are defined are the category of measur-
able spaces and partial measurable functions and the category of measurable spaces and
s-finite kernels, respectively. As such they are completely standard from a measure-theoretic
perspective.

« Expressivity. As is well known, the Gol construction (Abramsky et al. 2002; Joyal et al. 1996)
allows to give semantics to calculi featuring higher-order functions and recursion. Indeed,
our Gol model can be proved adequate for PCESS, a fully fledged calculus for probabilistic
programming.

o Flexibility. The model we present is quite flexible, in the sense of being able to reflect
the operational behaviour of programs as captured by both the distribution-based and the
sampling-based semantics (Borgstrom et al. 2016).

o Intuitiveness. Gol visualises the structure of programs in terms of graphs, from which
dependencies between subprograms can be analysed. Adequacy of our model provides some
diagrammatic reasoning principles about observational equivalence of PCFSS.

This paper’s contributions, beside the model’s definition, are adequacy results which precisely
relate our Gol model to the operational semantics both in the distribution and in sampling styles.
As applications of our adequacy results, we show that integrating over the sampling-based opera-
tional semantics, one obtains precisely the distribution-based operational semantics, and we also
observe commutativity of let-bindings in our language.

Turning Measurable Spaces into a Gol Model Before delving into the details of our model, it is
worthwhile to give some hints about how the proposed model is obtained, and why it differs from
similar Gol models from the literature.

The thread of work the proposed model stems from is the one of so-called memoryful
GOI (Hoshino et al. 2014; Muroya et al. 2016). The underlying idea of this paper is very simi-
lar: program execution is modelled as an interaction between the program and its environment,
and memoisation takes place inside the program as a result of the interaction. In the previous
work on memoryful Gol by the second author with Hasuo and Muroya, the goal consisted in
modelling a A-calculus with algebraic effects. Starting from a monad together with some algebraic
effects, they gave an adequate Gol model for such a calculus, which is applicable to a wide range
of algebraic effects. In principle, then, their recipe could be applicable to PCFSS, since sampling-
based operational semantics enables us to see scoring and sampling as algebraic effects acting on
global states. However, that would not work for PCFSS, since the category Meas of measurable
spaces is not cartesian closed, and we thus cannot define a state monad by way of the exponential
S=Sx(-).
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In this paper, we side step this issue by a series of translations, to be described in Section 4
below. Instead of looking for a state monad on Meas, we embed Meas into the category of Int-
objects and Mealy machines (Section 5) and use a state monad on this category. This is doable
because the category of Int-objects and Mealy machines is a compact closed category obtained by
applying the Int-construction (Abramsky et al. 2002) to the traced symmetric monoidal category
of measurable spaces and partial measurable functions. For more detail on categorical aspect of
our semantics, see Dal Lago and Hoshino (20194a). The use of such compact closed categories (or,
more generally, of traced monoidal categories) is the way Gol models higher-order functions.

Outline The rest of the paper is organised as follows. After giving some necessary measure-
theoretic preliminaries in Section 2 below, we introduce in Section 3 the language PCFSS, together
with the two kinds of operational semantics we were referring to above. In Section 4, we introduce
one of our Gol models, which is based on partial measurable functions, informally. In Sections 5
and 6, a more rigorous treatment of the involved concepts is given, together with the adequacy
results. We discuss in Sections 7 and 8 an alternative way of giving a Gol semantics to PCFSS
based on s-finite kernels, and as an application, we prove commutativity of let-bindings. We con-
clude in Section 9. This paper is a revised and extended version of our conference paper (Dal Lago
and Hoshino 2019b).

2. Measure-Theoretic Preliminaries

In this section, we recall some basic notions in measure theory that will be needed in the following.
We also fix some useful notations. For more about measure theory, see standard textbooks such
as Billingsley (1986).

A o-algebra on a set X is a family ¥ consisting of subsets of X such that J € ¥; and if A € %,
then the complement X \ A is in X; and for any family {A, € X},cn, the intersection (1), .y A is
in . A measurable space X is a set | X| equipped with a o -algebra £x on |X|. We often confuse
a measurable space X with its underlying set |X|. For example, we simply write x € X instead of
x € |X|. For measurable spaces X and Y, we say that a partial function f: X — Y (in this paper,
we use — for both partial functions and total functions) is measurable when for all A € Xy, the
inverse image:

{x € X | f(x) is defined and is equal to an element of A}

isin Xx. A measurable function is a totally defined partial measurable function. A partial measur-
able function f: X — Y is invertible when there is a (partial) measurable function g: ¥ — X such
that g o f and f o g are identities. In this case, we say that f is an isomorphism from X to Y and say
that X is isomorphicto Y.

We denote a singleton set {} by 1, and we regard the set 1 as a measurable space by endowing
it with the trivial o -algebra. We also regard the empty set {J as a measurable space in the obvious
way. In this paper, N denotes the measurable set of all non-negative integers equipped with the
o -algebra consisting of all subsets of N, and R denotes the measurable set of all real numbers
equipped with the o-algebra consisting of Borel sets, that is, the least o -algebra that contains all
open subsets of R (with respect to the standard topology).

When Y is a subset of the underlying set of a measurable space X, we can equip Y with a
o-algebra Xy = {ANY | A € Xx}. This way, we regard the unit interval and the set of all non-
negative real numbers as measurable spaces and indicate them as follows:

Rpy={aeR|0=<a<1}, Rsp={acR|a>0}.

For measurable spaces X and Y, we define the product measurable space X x Y and the coproduct
measurable space X + Y as follows:

|X x Y| =|X]| x|Y], X+ Y| ={(e,x) [ x€X}U{(0,y) [y Y},
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where the underlying o -algebras are

Yxxy = the least o -algebra such that A x B€ Xx,y forall A € £x and B € Xy,
Yx+y ={{e} x AU{o} x B|A€ Zxand B€ Xy}.

For a finite family of measurable spaces {Xi}i<i<n, we write >, _;_ X; for X; +---+ X, =
(« (X1 +X2)+ -+ )+ X,. When n=0, we define ), _,_, X; to be . We assume that x has
higher precedence than +, that is, we write X + Y x Z for X 4 (Y x Z). In this paper, we always
regard finite products R" as the product measurable space on R. It is well known that the o -algebra
e is the set of all Borel sets, that is, X is the least o -algebra that contains all open subsets of
R". Partial measurable functions are closed under compositions, products and coproducts.

Let X be a measurable space. A measure v on X is a function from Xx to [0, oo], that is the set
of all non-negative real numbers extended with oo, such that:

o 1(¥) =0; and
« for any mutually disjoint family {A, € Zx},en, we have Y u(4,) =p (UneN An).

We say that a measure p on X is finite when p(X) < oo. For a measurable space X, we write @x
for a measure on X given by @x(A) =0 for all A € Xx. If i1 is a measure on a measurable space X,
then for any non-negative real number g, the function (a ©)(A) = a(u(A)) is also a measure on X.
The Borel measure [tpore] On R” is the unique measure that satisfies

pporel(lan, bi] x -+ x lan, b)) = [] lai—bil

1<i<n

We define the Borel measure ppore] 0n 1= {*} by wporel(1) =1. For a measurable function
f: R" — R and a measurable subset X C R", we denote the integral of f with respect to the Borel
measure restricted to X by:

/X f(x) dx.

For a measurable space X and for an element x € X, a Dirac measure 8, on X is given by:

1, ifxeA;

Mm=uem==
0, ifxé¢A.

The square bracket notation in the right-hand side is called Iverson’s bracket. In general, for a
proposition P, we have [P] = 1 when P is true and [P] = 0 when P is false.

Finally, let us recall the notion of a kernel, which is a well-known concept in the theory of
stochastic processes. For measurable spaces X and Y, a kernel from X to Y is a function k: X x
Yy — [0, 0o] such that for any x € X, the function k(x, —) is a measure on Y, and for any A € Xy,
the function k(—, A) is measurable. When k is a kernel from X to Y, we write k: X ~» Y. If there is
r > 0 such that k(x, Y) < r for all x € X, we say that k is a finite kernel. Those kernels which can be
expressed as the sum of countably many finite kernels are said to be s-finite (Staton 2017). We use
kernels to give semantics for our probabilistic programming language, to be defined in Section 7.
Kernels can be composed as follows, by way of a number of constructions.

« The pointwise addition of a countable family of s-finite kernels {k;: X ~» Y},es is an s-finite
kernel and is denoted by D ", ; ki X ~» Y orko+k; +--- whenI={0,1,...}.

« Every partial measurable function f: X — Y gives rise to an s-finite kernel f*: X ~» Y given
by f*(x, A) = [f(x) € A].
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o For s-finite kernels k: X ~» Y and h: Y ~» Z, we define an s-finite kernel h o k: X ~» Z by:

(hok)(x,C)= / h(y, C) k(x, dy).

The composition of s-finite kernels is associative (Staton 2017, Lemma 3) and satisfies the
unit laws, namely, we have k o id§ = k and id} o k = k.

e Letk: X~ Y and h: Z ~~ W be s-finite kernels. We define s-finite kernels k @ h: X x Z ~
YxWandk@®h: X+ Z~»Y + W by:

(k@ h)(x,2), A) = f ko dy) / h(z dw) [( w) € Al,

(k& h)(w,A) = k(x, Ay), ?fW=(0,x),
k(y, Aw), ifw={(o,y),

where Ay ={ye Y |(e,y) € A} and Ay = {w € W | (o, w) € A}. In the same way, for a family
of s-finite kernels {k;: X ~» Y},en, we define an s-finite kernel P, nkn: Nx X~ Nx Y
by:

neN

(@ kn> ((n,x), A) = kn(x, Ay) where A, ={y € Y | (n,y) € A}.

neN

The tensor product and the coproduct of s-finite kernels are functorial, that is, these construc-
tions are compatible with the composition and preserves identities. For functoriality of the tensor
product, see Staton (2017, Proposition 5).

3. Syntax and Operational Semantics
3.1 Syntax and type system
Our language PCFSS for higher-order Bayesian programming can be seen as Plotkin’s PCF

endowed with real numbers, measurable functions, sampling from the uniform distribution on
R(o,1]> and soft conditioning. We define types A, B, . . . values V, W, . . . and terms M, N, . . . as follows:

A,B:=TUnit | Real | A— B,
V,Wo=skip | x | axh. M | r, | fixap(£, x, M),
MN:=V | VW | letxbeMinN | ifz(V, M, N) | F(Vi,...,Vig) | sample | score(V).

Here, x varies over a countably infinite set of variable symbols and a varies over the set R of all
real numbers. Each function identifier F is supposed to have an arity |F| and is associated with an
|F|-ary measurable function F from R/l to R. For terms M and N, we write M{N/x} for the capture-
avoiding substitution of x in M by N. The recursively defined function £ix, g(f, x, M) is a value as
in the standard call-by-value PCF.

Terms in PCFSS are restricted to be A-normal forms in order to make some of the argu-
ments about our semantics simpler. This restriction is harmless to the language expressive power,
thanks to the presence of let-bindings. For example, term application MN can be defined to be
letxbeMin(let ybeNin (xy)).

The term constructor score and the constant sample enable probabilistic programming in
PCEFSS. Evaluation of score(r,) has the effect of multiplying the weight of the current probabilis-
tic branch by |a|, this way enabling a form of soft conditioning. The constant sample generates
a real number randomly drawn from the uniform distribution on Rjg;j. Only one sampling
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x:AeA acR AFVi:Real ... AFVp:Real
AbFx:A AFr,:Real AFF(Vy,...,Vp):Real
AFV:A—B AFW:A AFM:B A,x:BFN:A A, x:AFM:B
AFVW:B AFletxbeMinN:A AF)xAM:A—>B
A, f:A—B, x:A-M:B AFV:Real AFM:A AFN:A
AFfixpp(f,x,M):A—B A ifz(V,M,N): A
AFV:Real

At skip:Unit A sample: Real A score(V) :Unit

Figure 1. Typingrules.

mechanism is sufficient, because we can model sampling from other standard distributions by
composing sample with measurable functions (Wand et al. 2018).

Terms can be typed in a natural way. A type environment A is a finite sequence consisting of
pairs of a variable and a type such that every variable appears in A at most once. A type judgement
is a triple A -M: A consisting of a type environment A, a term M and a type A. We say that a type
judgement A -M: A is derivable when we can derive A - M: A from the typing rules in Figure 1.
Here, the type of sample is Real, and the type of score(V) is Unit because sample randomly
returns a real number, and what matters about scoring is its side effect. In the sequel, we only
consider derivable type judgements and typable closed terms, that is, closed terms M such that
FM: A is derivable for some type A.

3.2 Distribution-based operational semantics

We define distribution-based operational semantics for PCFSS following Borgstrom et al. (2016)
where, however, a o-algebra on the set of terms is necessary so as to define evaluation results
of terms to be distributions (i.e., measures) over values. In this paper, we only consider evalua-
tion of terms of type Real and avoid introducing o -algebras on sets of closed terms, thus greatly
simplifying the overall development.

Distribution-based operational semantics sends a closed term M: Real to a measure u on R.
Because of the presence of score, the measure « may not be a probabilistic measure, that is, ;£ (R)
may be larger than 1, but the idea of distribution-based operational semantics is precisely that of
associating each closed term of type Real with a probabilistic measure over R.

As common in call-by-value programming languages, evaluation is defined by way of evalua-
tion contexts:

E[—]u=[—]| letxbeE[—]inM.

The distribution-based operational semantics of PCFSS is a family of binary relations {=}seN
between closed terms of type Real and measures on R inductively defined by the evaluation
rules in Figure 3, where the evaluation rule for score is inspired from the one in Staton (2017).

The binary relation 4 in the precondition of the third rule in Figure 3 is called deterministic
reduction and is defined in Figure 2.

The last evaluation rule in Figure 3 makes sense because k in the precondition is a kernel from
R(o,1] to R as the following lemma shows.

Lemma 1. For any n € N and for any term:

x1 :Real,...,X,; :Real FM:Real,
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d
(b ) v S M{v/x) . red |M, ifa=0
. red ifz(ry, M, N) — N if 0
let xbeVinM — M{V/x} , ifa#
d red
fixpp(f,x, M)V —> M{fixag(f,x, M)/, V/x} F(ra,...Tp) — Tr,.b)

Figure 2. Deterministic reduction.

d
n>0 M-S N E[N=,u

M =0 @]R Ty =n 5u E[M] :>n+1 12

E[skip] =, i E[rq] =nk(a,—) forallae Ry
E[score(rys)] =nq1 lal E[sample] =41 fR[O‘H k(a,—)da

Figure 3. Evaluation rules of distribution-based operational semantics.

there is a unique finite kernel k from R™ to R such that for any (ay, . . ., am) € R™,
M{ral/xb oo ram/xm} =n k((ab cee am); _)

Proof. The statement can be checked by induction on . O

Lemma 1 implies that the step-indexed distribution-based operational semantics =, can be
seen as inducing an N-indexed family of functions from the set of closed terms of type Real
to the set of finite measures on R, approximating the evaluation of closed terms by restricting
the number of reduction steps. Thus, the limit of the step-indexed distribution-based operational
semantics represents the ‘true’ result of evaluating the underlying term:

Definition 2. For a closed term M :Real and a measure u on R, we write M =, i when there
is a family of measures {{ty}nen on R such that M =, (u, and for all A € X,
W(A) = sup p,(A).

neN

The binary relation =« is a function from the set of closed terms of type Real to the set of
measures on R. This follows from Lemma 1 and from the easy observation that the family of mea-

sures {{tn}nen on R such that M =, u, forms an ascending chain po < @1 <-- - with respect to
the pointwise order. Moreover, it can be proved that for any x4 : Real, ..., x,, : RealM:Real,
there is an s-finite kernel k given by M{rg, /%1, ..., ¥4, /%m} =0 k((a1, . . ., am), —).

3.3 Sampling-based operational semantics

PCFSS can be endowed with another form of operational semantics, closer in spirit to the way
inference algorithms see probabilistic programs, called the sampling-based operational semantics.
The way we formulate it is deeply inspired from the one in Borgstrom et al. (2016).

The idea behind sampling-based operational semantics is to give the evaluation result of each
probabilistic branch somehow independently. We specify each probabilistic branch by two param-
eters: one is a sequence of random draws, which will be consumed by sample, and the other is a
likelihood measure called weight, which will be modified by score.

Definition 3. A configuration is a triple (M, a, u) consisting of a closed term M : Real, a real number
a >0 called the configuration’s weight and a finite sequence u of real numbers in Rjg 1}, called its
trace.
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d
M5 N

M, b, u) = (N, b, u)

(E[score(r,)], b, u) — (E[skip], |a| b, u) (E[sample],a, b:: u) = (E[rp], a, u)

Figure 4. Evaluation rules of sampling-based operational semantics.

Below, we write ¢ for the empty sequence. For a real number a and a finite sequence u consist-
ing of real numbers, we write a:: u for the finite sequence obtained by putting a on the head
of u. In Figure 4, we give the evaluation rules of sampling-based operational semantics that

is a binary relation between configurations. In the definition, 4 is the deterministic reduc-
tion relation introduced in Figure 2. We denote the reflective transitive closure of — by —*.
Intuitively, (M, 1, u) —* (r,, b, €) means that by evaluating M, we get the real number a with weight
b consuming all the random draws in u.

4. Towards Mealy Machine Semantics

In this section, we give some intuitions about our Gol model based on partial measurable func-
tions, which we also call Mealy machine semantics. Schematically, Mealy machine semantics for
PCEFSS translates terms in PCFSS into Mealy machines in the following way:

PCESS

| Moggi’s translation
Moggi’s meta-language 4+-sample + score
1 Girard translation
the linear A-calculus +sample + score

1
proof structures+sample + score
1 Gol
Mealy machines

In Section 4.1, we explain the first three steps. The last step deserves to be explained in more
detail, which we do in Section 4.2. For the sake of simplicity, we ignore the translation of condi-
tional branching and the fixed point operator. A more technical presentation of the Gol model is
deferred to Section 5.

4.1 From PCFSS to proof structures

4.1.1 Moggi’s translation

In the first step, we translate PCFSS into an extension of the Moggi’s meta-language by Moggi’s
translation (Moggi 1991), whose only type constructor is the function type. Here, in order to
translate scoring and sampling in PCFSS, we equip Moggi’s meta-language with base types Unit
and Real and the following term constructors:

acR A M:Real
AFr,:Real, At score(M): TUnit, At sample:TReal

where T is the monad of Moggi’s meta-language. Any type A of PCFSS is translated into the type
A" defined as follows:

Unit? = Unit, Real? = Real, (A — B)? =A% — TB"
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Terms score(—) and sample in PCFSS are translated into the eponymous score(—) and
sample in Moggi’s meta-language, respectively. See Moggi (1991) for more detail about Moggi’s
translation.

4.1.2 Girard translation
We next translate the extended Moggi’s meta-language into an extension of the linear A-calculus,
by way of the so-called Girard translation (Girard 1987). Types are given by:

A,B:=Unit | Real | State | A* | A®B | AsB | A

where Unit, Real and State are base types, and terms are generated by the standard term
constructors of the linear A-calculus, plus the following rules:

aceR AFM:Real
Fr,:Real, At score(M):State—oState®!Unit, I sample:State —o State®!Real.

(As customary in linear logic, A —o B is an abbreviation of A-’$B.) These typing rules are derived
from the following translation ( — )° of types of the extended Moggi’s meta-language into types of
the extended linear A-calculus:

Unit’ =Unit, Real” =Real, (A— B)’=!A"—oB", (TA)’=State —oState®!A’.

The definition of (T A)b, which lift the monad T to a state passing construct, is motivated by the
following categorical observation: let L be the syntactic category of the extended linear A-calculus,
which is a symmetric monoidal closed category endowed with a comonad !: L — L with certain
conditions (see e.g., Hyland and Schalk (2003)), and let L, be the coKleisli category of the comonad
I. Then, by composing the adjunction between L and L, with a state monad State —o State ®

(—) on L, we obtain a monad on L:
T
State—oState®(—) C L r’\T_/ L,
which sends an object A € Ly to State —o State®!A. This use of the state monad is motivated by
sampling-based operational semantics: we can regard PCFSS as a call-by-value A-calculus with
global states consisting of pairs of a non-negative real number and a finite sequence of real num-
bers, and we can regard score and sample as effectful operations interacting with those states.
Following this line, we model call-by-value evaluation by the state monad encoded in the linear

type system.

4.1.3 The third step

We translate terms in the extended linear A-calculus into (an extension of) proof structures
(Lafont 1995), which are graphical presentations of type derivation trees of linear A-terms. We can
also understand proof structures as string diagrams for compact closed categories (Selinger 2011).
Operators of the pure linear A-calculus can be translated as usual (Lafont 1995). For example, type
derivation trees:

x:AFx:A 'FM:A AFN:B
x:AFx:A, Faxh x:A—oA, LAFMQN:A®B

are translated into proof structures:

—
FA

> >

respectively. Terms of the form r,, score(M) and sample require new kinds of nodes:
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Unit Real
C > Real Real /SCK Statel @ Statel
\_ State s State

>

This does not directly reflect typing rules for score and sample in the linear A-calculus, but the
correspondence can be recovered by way of multiplicative nodes ® and 9.

4.2 From proof structures to Mealy machines

The series of translations from PCFSS to proof structures is agnostic as for the computational
meaning of score and sample in PCFSS, because score and sample introduced in these trans-
lations are just constant symbols. In other words, the translation from PCFSS to the extended
proof structures is not sound with respect to either form of operational semantics for PCFSS.
In the last translation step, we assign proof structures a computational meaning, respecting the
operational semantics of the underlying PCFSS term.

We do this by associating proof structures with Mealy machines. A Mealy machine is an
input/output machine whose evolution may depend on its current state. In this paper, for the
sake of supporting intuition and of enabling graphical reasoning, we depict a Mealy machine M as
a node with some wires:

——

Inputs to this Mealy machine are given through one of its wires, and to each input, the Mealy
machine gives an output through one of its wires. We indicate how the Mealy machine handles
inputs by thick arrows like

o=,
4@2’1’ #
x z w,

For example, for the case of the left diagram, the thick arrow indicates that if the current state is s
and the given input is x, then the Mealy machine outputs y and changes its state to ¢.

For the standard proof structures, we can follow Laurent (2001) where Mealy machines asso-
ciated with proof structures are built up from Mealy machines associated with each nodes. For
example, the ®-node and the '®-node:

o

are both associated with a one-state Mealy machine that behaves in the following manner:

}(.,u) | b\_>:(o,b) | a%(w) | hx::(o,b) |

Namely, the Mealy machine forwards each input from the left-hand side to the right-hand side
endowing it with a tag that tells where the input came from. The Mealy machine handles inputs
from the right-hand side in the reverse way.

Soundness of Mealy machine semantics states that if two (pure) linear A-terms are B-
equivalent, then the behaviours of the Mealy machines associated with these terms are the same.
As an example, let us consider a S-reduction step (Ax.x)y — y. The proof structure associated
with (Ax. x) y is

a
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and the following thick arrow illustrates a trace of a run of this Mealy machine for an input a from
the right wire:

In general, this Mealy machine forwards any input from the right-hand side to the left-hand side
as indicated by the thick arrow, and it also forwards any input from the left-hand side to the
right-hand side. Hence, the behaviour of this Mealy machine is equivalent to the behaviour of the
following trivial Mealy machine:

aF——————a f —)
which is the interpretation of y. This is in fact a symptom of a general phenomenon: Mealy
machine semantics for the linear A-calculus captures S-reduction.

But how can we extend this Mealy machine semantics to score and sample? Here, we borrow
an idea from Game semantics (Abramsky and McCusker 1996), which models computation in
terms of interaction between programs and environments. For scoring and sampling, we can infer
how they interact with the environment from sampling-based operational semantics. For scoring,
we associate score with a Mealy machine that has the following transitions:

Uni \Uni
Unit @) (@) Unit
Real State’ Real Statet
(1) ? sc 2) b {sc) (16| a, u)
State State
(a,u)

where u is a finite sequence of real numbers in R(g,;] and a and b are real numbers such that a > 0.
We can read these transitions as follows: (1) in the initial state init, for each ‘configuration’ (a, u),
the Mealy machine sends a query ? to environment in order to know the value of its argument and
memorises the configuration (g, u) by changing its state from init to (4, u); (2) if the environment
answers that the value is b, that is, if the Mealy machine receives b, then it outputs (|b| a, u). This
process corresponds to the evaluation rule (score(ry), a, u) — (skip, |b| a, u).

The following diagrams explain our idea of modelling sample:

IReal
IReal bisb —!
Statel \
1) (2)
@ (a, u) e State’
State (a,b::u) State

where b :: u is a finite sequence of real numbers in Rg ;] and a is a non-negative real number. (To
be precise, this is slightly different from how we model sample. See Section 3.3.) The first tran-
sition (1) means that in the initial state init, given a ‘configuration’ (a, b :: u), the Mealy machine
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pops b and memorises the value b by changing its state from init to b. In the second transition (2),
for any query ? asking the result of sampling, it answers the value memorised in the first transition.
For example, the execution:

(let x be sample in score(x), a, b :: u) =™ (score(ry), a, u) —* (skip, |b| a, u)

is modelled as the following sequential process:

init > init
init+—> b GZ(
DR a—
(a,b::u)
init > (a, u)

®

(a,u) — (a, u)

(a, u) — (a,u)
@ G =

Here, the boxes next to sa tells how sa changes its state, and the boxes next to sc tells how sc
changes its state. This is why we have two ‘initial states’ in the first stage. The above sequential
process can be explained as follows: (1) given a ‘configuration’ (a, b :: u), the node sa memorises
the value b and forwards the rest (g, u) to sc. (2) Then sc requests the value of its argument, and
(3) sa returns b to the request. (4) Finally, sc returns (|b| a, ) to environment. (Formally, this
Mealy machine is slightly different from the Mealy machine given by our denotational semantics.
But the difference is just a matter of bureaucracy.) In this interaction process, the memoisation
mechanism of the sa-node is necessary, otherwise the sa-node can not tell the sc-node that the
sampling result is b.

(16 a, u)

Remark 4. Two notions of state (the one coming from sc and the other coming from sa) are
used for different purpose here: the first notion is needed to model the call-by-value evaluation
strategy where we need to store intermediate effects that are invoked during the evaluation. The
second notion of state is needed to model history-dependent computation. More concretely, for
the case of sampling, the Mealy machine sa needs to remember the already sampled values in the
current probabilistic branch.

5. Mealy Machines and their Compositions

After having described Mealy machine semantics briefly and informally, it is now time to get more
precise. In this section, we introduce the notion of a Mealy machine and some constructions on
Mealy machines. We also introduce a way of diagrammatically presenting Mealy machines which
is behaviourally sound.
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5.1 Mealy machines, formally

In this paper, we call a pair of measurable spaces an Int-object. We use sans-serif capital letters
X,Y,Z,... to denote Int-objects, and we denote the positive/negative part of an Int-object by
the same italic letter superscripted by +/—. For example, X denotes an Int-object (X*, X~) con-
sisting of two measurable spaces X* and X~. The name ‘Int-object’ comes from the so-called
Int-construction (Joyal et al. 1996).

Definition 5. For Int-objects X and Y, a Mealy machine M from X to Y consists of

« a measurable space Sy called the state space of M;
o an element inity € Sy called the initial state of M;
o a partial measurable function:

M (XT+Y ) xSu— (X~ +YT) x Sy

called the transition function of M.
IfM is a Mealy machine from X to Y, we write M: X —o Y.

The transition function 7y of a Mealy machine M: X —o Y describes a mapping between inputs
and outputs which can also alter the underlying state. For an input x € X* + Y~ and a state s € Sy,
a transition tm(x, s) = (¥, t) means that when the current state of M is s, given an input x, there is an
output y and the next state is . Note that we have X~ in the target and Y~ in the source of 7y. In
short, this is because we are interested in Mealy machines that handle bidirectional computation.
The diagrammatic presentation of Mealy machines clarifies the meaning of ‘bidirectional’. Let
M: X —o Y be a Mealy machine. In this paper, we depict M as follows:

X ~ y
M)

In the Gol jargon, data travelling along wires of proof structures are often called tokens. Intuitively,
each label on a wire indicates the type of tokens travelling along the wire. Namely, on the X-wire
(on the Y-wire), tokens in X (in YT) go from left to right, and tokens in X~ (in Y ™) go from
right to left. For example, we depict the following transitions:

TM((O>}’)’ 50) = ((.3 x)> 51)! TM((O>}/)’ SO) = ((Os )//)a 52)
forsome y,y € Y-, x€ X,y” € YT and s, s1, 52 € S as the following thick arrows:

S0 > 81 So > 52
Y /"
X M
x X () Y y \M)_i’ )

(Recall that the tag e/o indicates the left/right part of the disjoint sum.) The expressions so > s
and sp > s, on the Mealy machine M stand for transitions of states. We omit states transitions
when they can be inferred from the context.

We will give some Mealy machines whose state spaces are trivial, namely 1. We call such a
Mealy machine token machine. Our usage of the term token machine is along the lines of that
in other papers on Gol such as Mackie (1995) and Laurent (2001). In order to specify a token
machine, it is enough to give a partial measurable function of the following form:

XT4+Yy 22X 47 )x1— X 4+Y)x1ZX +Y+.

Therefore, in the sequel, we define a token machine M: X — Y by giving a partial measurable func-
tion from X7 4+ Y~ to Y + X, and we also call this partial measurable function the transition
function of M. Abusing notation, we write ty for this transition function.
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5.2 Constructions on mealy machines

It is now time to give some constructions which are the basic building blocks of our Mealy machine
semantics. This section consists of three parts. The first part (from Sections 5.2.1 to 5.2.5) is related
to the linear A-calculus and serves to model the purely functional features of PCFSS. In the second
part (from Sections 5.2.6 to 5.2.8), we give Mealy machines modelling real numbers, measurable
functions and conditional branching. In the last part (Sections 5.2.9 and 5.2.10), we introduce
Mealy machines modelling score and sample.

5.2.1 Composition

Let X, Y and Z be Int-objects, and let M: X —Y, N: Y — Z be Mealy machines. We can now
define their composition N o M: X —o Z. Before giving a precise definition, some intuitive expla-
nation about N o M is in order. The main idea is to define N o M as a Mealy machine obtained by
connecting N and M in the following manner:

N\ N)
O ®

The series of thick arrows in the following diagram:

(—)’o
K\‘ yl é\}m !

M) 52 Z
(_)}g/

N

illustrates an execution of the obtained Mealy machine. Given an input from a wire, M and N
engage in some interactive communication, and at some point, some output is produced. Because
N o M performs “parallel composition plus connecting) the state space of N o M should be Sy x Sy,
and the initial state should be (inity, inity). The transition function of N o M should be given by
the collection of all possible interaction paths between M and N.

Let us give a precise definition. For Mealy machines M: X —Y and N: Y — Z, we define the
state space and the initial states of N o M by:

SNoM = SN X Sm» initnyom = (inity, inity)

and we define the transition function tnom by:

™NoM = fx+.2- x—.2+ V \/fY+,Y—,x—,Z+ °f§+,y—,y+,y— o fx+.z-Y+ Y-
neN

where the measurable functions fypcp: (A + B) X Syom — (C+ D) X Snom are restrictions of
the following partial measurable function:

Xt +Z +YT+Y7) X Snom
1=
XT+Y ) xSyxSy+(YT+2Z7) xSy x Sy
L‘[M X SN+TN X SMm
X4+ YN xSuxSn+ (Y~ +Z7) x Sy x Sum
1=
X" +Z"4+YT4+Y7) X Snom »

and the join in the definition of Tyom is with respect to the inclusion order between graph relations.
It is tedious but doable to check that the above join defines a partial measurable function.
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5.2.2 Monoidal products
Monoidal Products of Int-objects We introduce monoidal products of Int-objects and their
diagrammatic presentation. For Int-objects X and Y, we define an Int-object X ® Y by:

XQY=XT"4+Y", X" +Y).

We define an Int-object | to be (4, ). Wewrite XQY® Z® - - - for (- - - (X®Y)®Z)® - -- ). For
a finite family of Int-objects {X;}1<i<n, we write @, _;-, Xi for Xi ® X2 ® - - - ® X,,. When n =0,
we define ), _;, Xi to be I. o

LetXi,..., Xy Y1,. .., Y, be Int-objects. We depict a Mealy machine M from X; ® - - - ® X, to
Y1 ® - - ® Yy as a node with wires labelled by X, . . ., X, on the left-hand side and wires labelled
by Y1, ..., Y, on the right-hand side, and we sometimes omit wires on the left-/right-hand side
when the domain/codomain of M is I:

Xn Y Y Xn
Bty o O
bl bl .

The diagrammatic presentation of monoidal products allows for intuitive description of transition
functions:

">t

D G 0§ SO W
X , X1 .

>

7

For example, the first transition corresponds to \v((e, (e, x)),s) = ((o, (o, y)), t). We note that
there are several ways to present a Mealy machineM: X; ® -- - ® X, =Y ® - - - ® Yy, such as

Xn Y Xi Ym Xn

: : : : N® 8 Vm
X1 - Y s X1®: - ®Xn1 Y s S

Monoidal Product of Mealy Machines We give monoidal products of Mealy machines. Intuitively,
the monoidal product M@ N: X®Y —-Z® W of Mealy machines M: X—Z and N: Y — W is
given by parallel composition:

® &

consisting of two sub-machines M and N working independently. For example, if we have

S0 > 81 to— 11
Z
!
X /\Mf—)z Y /N\ W

>

then M ® N has the following transitions for any t € Sy and any s € Sy:

A=Y}
Y ()W Y ()W
N y AL w
Z z
m——~
So — s1 SH>§
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Formally, we define M@ N: X® Y — Z @ W by:
SmeN = Sm X SN, initygn = (inity, inity)

and

(XT+YH)+(Z + W) x Suen
1=
XT+Z)xSux SN+ YT+ W) xSy x Sm
TMEN = LmxSn+TnxSm
(X_+Z+) X Sm X SN+(Y_+W+) X SN X Sm
1=
(X~ 4+Y)+ @+ W) x Suen -
Below, for brevity, we sometimes identity Int-objects X ® (Y ® Z) with (X® Y) ® Z by the canon-

ical isomorphism A + (B 4 C) = (A + B) 4+ C and identify | ® X and X ® | with X by the unit laws
A+P=Aand P+ A=A,

5.2.3 Identity, axiom link and cut link
For an Int-object X, let an Int-object X be (X~, XT). We define token machines idy: X —o X,
axy: | —o X ® X+ and cuty: XJ'®X—0|by:
Tidx(.) x) = (O, -x)) TaXx(o) (.) x)) = (O) (O) x))) TCUt)( (.) (.) x)) = (.) (O, x)))
Iidx(o) x) = (.) x): TaX)((Oa (O’ x)) = (O) (.) x))) ICUtx (.) (O, x)) = (.) (.) x))
Note that Ta, and Tcyty are partial measurable functions from ¥ + (X* + X)) to ¥ + (X~ + X™)

and from (X~ 4+ XT) + @ to (X + X ) + @, respectively. We depict these Mealy machines by
single wires:

Xt X

X
C _x )
> > .

This is compatible with behaviour of these Mealy machines. As the following thick arrows indicate,
all tokens travel along wires:

X+ X
X X
X
X ——x X X
X XL
bl .

5.2.4 Symmetry
Let X and Y be Int-objects. We define a token machine symy y: X® Y — Y ® X by letting its transi-

tion function be the canonical isomorphism between (X* + Y*) + (Y~ + X )and (X~ + Y ") +
(Yt + XT). We depict symy y by a crossing:

Y X

X :

As the diagram indicates, given an input token from an wire in the one side, symyy outputs the
same value to the corresponding wire on the other side:
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5.2.5 Aresource modality
We give a constructor on Mealy machines that corresponds to the resource modality in linear
logic. The purpose of the resource modality is to enable discarding and duplicating resources.
Here, resources are Int-objects.

For an Int-object X, we define an Int-object !X by:

X=(NxX"NxX")

where N is equipped with the discrete o -algebra. Informally, we can regard !X as a countable
monoidal product X@ X® - - - ~ (Xt +XT +... , X~ + X~ + - ). Following this intuition, we
extend the action of !( — ) to Mealy machines. Let M: ), _;,, Xi — Y be a Mealy machine. We
define !,M: &), _;,'X; —!Y to be a Mealy machine consisting of

Si,mM= SII\\/IR inity, v = (inity, initu, . . .)
and
M ZNXX?_—}—NXY_ x Sh — X:I\IXXI._—H\IXYJr x S
1<i<n 1<i<n
given by

, (j@w, (s, ..., Sji—1, s Sjt15 -+ - ), if n(z, 55) = (W, B),
7,mM(@z, (51,52 ...)) = ) ,
undefined, if Tm(z, 5;) is undefined.

Here, for je N and a€ A+ -- -+ B, we write j@a for the element in NxA+4---+NxB
obtained by the canonical isomorphism between N x A+ ---+Nx Band N x (A + - - -+ B).

As for diagrammatic presentation, we follow the way of proof-nets. Given a Mealy machine
M: X ®-- - ®X, —Y (a Mealy machine N: | —oY), we depict [,M: IX; ® - - - ®IX,, —o!Y (depict
IoM: | —olY) by surrounding M by a thick line box:

X
: Y Y
© Xy
The Mealy machine !,M behaves as a parallel composition of countably infinite copies of M. For

example, if M has a transition (1) below, then !,M has a transition (2) below for all n € N and
S1,52,... € Su:

[G1r o osu 1S Sutts - ) (1o Su—ts b Sutts - )
Xn s>t Xn —
. \% . Y
(1) D:}y (2) D 3@_)7 (n,y)
X (n, x) ez J

In other words, given an input whose first entry is n, then the nth copy of M handles the input, and
there is no side effect to the other copies of M. In the sequel, we omit the subscript of !,M when
n=1.

Dereliction, Digging, Contraction and Weakening For natural numbers n, m € N, we write (n, m)
for the Cantor pairing m + (n + m)(n + m + 1)/2. For Int-objects X and Y, we define dy: !X —o X,
gx: IX —ollX, cx: IX —oIX®!X and wy : X —o | to be token machines whose transition functions:

T Nx X"+ X" > Nx X +XT,
‘L'gXZNXX++NXNXX_—>NXX_+NXNXX+,
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‘L’CXZNXX++(NXX_+NXX_)—>NXX_+(NXX++NXX+),
Tu: XT+0—> X" +0

are given by:

Tdy (@, (11, x)) = (o0, x), gy (0, x) = (e, (0, x)),

Tgy (@, ({n, m), x)) = (o, (n, m, x)), gy (0, (1, m, x)) = (e, ({n, m), x)),
Tex (o, (21, X)) = (o, (e, (1, 1)), Tex (0, (o, (1, %)) = (e, (21, X)),

7oy (0, 2n+ 1, x)) = (o, (o, (1, x))), 7 (0, (0, (1, x))) = (o, 2n + 1, x)),

7wy, = the empty partial measurable function.

These token machines dy, gx and cx behave as follows:

X
(n, x)
X X X gy I @n+1,x) X
00— D——, () B (o) %) x
(n, x)

> >

The token machine wy never interacts with outside. As we did here, we often omit subscripts of
dy, gx, cx and wy in diagrams.

5.2.6 Real numbers
We define an Int-object R to be (R, {?}). For a € R, we define a token machine r,: | — R by:

Tra(O, ?) = (O) a)'

Note that the transition function 7y, is from ¢ 4 {?} to ¥ + R. The transition function of r, means
that given a query ? from environment, r, answers its value a:

R

(=7

5.2.7 Measurable functions

We associate a measurable function f: R” — R with a Mealy machine fn;: R®"” —o R. For sim-
plicity, we suppose n = 2. The state space St ’ is defined to be R, and the initial state initg, ’ is 0.
The transition function Tny (R+R)+{?}) x anf - ((+{H+R) x anf is given by:

Tfnf((°) (.) a))) S) = ((.) (O> ?))) a))
Tfnf((% (O’ a))x S) = ((O>f(5a a))’ S)a
'L'fnf((O, ?)’ S) = ((.’ (.) ?))’ S)'

For real numbers g, b € R, the Mealy machine fnf o (r, ® rp) behaves as follows:

( ,b—)R b initg,. > a
o ) — e
@. R ? K7 R ?

Namely, given a query ? from the right R-wire, fn; first sends a query ? to the lower R-wire in
order to obtain the value of its first argument. The Mealy machine fn memorises the return value
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a from r,, and another query ? is sent to the upper R-wire. Then r;, returns b. Now, fns sees that
its first argument is a and its second argument is b. Finally, fn outputs f(a, b). We note that fn;
is always used in this way in our denotational semantics, and therefore, the definition of initf, is

not essential to simulate the measurable function f.

5.2.8 Conditional branching
For an Int-object X, we define

cdyx: RIX®X— X

to be a Mealy machine consisting of

Sedy = {*}UX™, initeg, = *
and
Tedy: ((R4XT) +XF) +X7) x Segy = ({1 +X7) +X7) +XT) X Seqy
given by:
((o, (o, (0,5))),s), ifa=0andse X,
Tedy (o, (0, (0,a))), 5) = { (8, (0,5)),9), ifa£0andse X,
undefined, otherwise,

Tedy (o, (o, (0, %))), 8) = ((0, %), ),
Tedy (@, (0, %)), ) = ((0, %), ),
Tedy (0, %), 5) = ((o, (o, (o, 7))), x).
Here, X4 is the o -algebra generated by {{x}} U Xx-.

For a real number a € R and Mealy machines M, N: | —o X, the Mealy machine cdx o (r, @M ®
N) behaves as follows:

y
N
© M_\
X
(a=0) (Mt 2 {cd) ' (a=1) (W) od '

X
X = = X
R _/ X R _/ X
0 1

Namely, given an input x € X, then cdx memorises x and throws a query to the R-wire. There are
two cases: (i) if a is O (the left diagram), then rq returns 0, and cdy sends the memorised value x to
the middle X-wire and (ii) if a is not 0, say 1 (the right diagram), then r; returns 1, and cdy sends x
to the upper X-wire. In both cases, any output from M (or N) is sent to the X-wire in the right-hand
side. In this way, cdy o (r, ® M ® N) simulates M when a = 0 and simulates N when a # 0.

5.2.9 Scoring
Let R}, |, be the measurable space of finite sequences of real numbers in the unit interval [0, 1]
endowed with the following o -algebra:

Ae ERFO g = AN RFo,l] € Xpgn foralln e N.
We define S to be an Int-object given by (4, R>o x Rjj ;). Below, we identify S ® St with an Int-
object (R>o x i}, R=0 x Rj, ;) by the obvious manner. Then we definesc: R— S ® SRl to
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be a Mealy machine consisting of
Ssc =R X ]Rfo’l], initsc = (0, &)
and tsc: (R+ (R>p % RFO,I] + @) x Ssc = ({2} + (R>p x R?O,l] + ) x Ssc given by
Tsc((o, a), (b, v)) = ((o, (o, (|a] b, v))), (b, v)),

:( [}
TSC((O) (.’ (ﬂ, 1/1))), (b, V)) = ((.> ?), (a7 u))

The Mealy machine simulates scoring (score(r,), b, u) — (skip, |a| b, u) in the following way:

initsc —> (b, u) !l

o~ a (lalb, u)

?<—§\g
b,
S (b, u)

Namely, in the first transition, sc memorises the ‘configuration’ (b, u), which is used to give the
‘configuration’ (|a| b, u) in the final transition. We note that sc is always used in this way in our
denotational semantics, and therefore, the definition of initsc is not essential to simulate scoring.

5.2.10 Sampling
We define sa: | —o S ® ST ®!R to be a Mealy machine consisting of

Ssa = R[0,1], initsa =0
and
Tsa: (B + (R0 x Ry 1) + N x {7})) X Ssa = (3 + (R0 x Ry ;; + N x R)) x Ssa
given by:
((o, (o, (a,v))), b), ifu=b:w,

undefined, fu=e,

Tsa((o, (e, (a,u))),s) = [
Tsa((o, (0, (1, 2))), 5) = ((o, (o, (1, 5))), 5).

The Mealy machine sa simulates sampling (sample, a, b :: u) — (b, a, u):

R b =
st ¢ -
(a,b::u) S

>

Namely, (1) sa pops b and memorises the value b; (2) whenever the sampling result is required,
sa returns the memorised value. We note that sa is always used in this way in our denotational
semantics, and therefore, the definition of inits, is not essential to simulate sampling.

5.3 Behavioural equivalence and diagrammatic reasoning

We now give a brief remark on diagrammatic presentation of Mealy machines. The diagrammatic
presentation of a Mealy machine is not only for intuitive explanation, but also for rigorous rea-
soning about behavioural equivalence, which identifies Mealy machines behaving the same way.
Identifying Mealy machines in terms of their behaviour is important to reason about composition
of Mealy machines in the coming sections. Here, we are inspired by behavioural equivalence from
coalgebraic theory of modelling transition systems (Jacobs 2016).
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Let M and N be Mealy machines from X to Y. For a measurable function f: Sy — S, we write
f1FM =< N when we have f(inity) = inity and

d
O+ Y) x S —L (X 4 Y7) x Sy

| e

(Yt 4+ X) xSy — 5 (YT +X7) x Sy

and we write M < N when there is a measurable function f: Sy — Sy such that f IF M < N. The
definition means that if we have M < N, then no observer can distinguish between M and N from
their input/output behaviour, although their internal structure can be quite different. We define
an equivalence relation 2 to be the reflective, symmetric and transitive closure of <. For Mealy
machines M, N: X — Y, we say that M is behaviourally equivalent to N when M =~ N. Below, we list
some important behavioural equivalences in terms of diagrams.

o If two Mealy machines have the same diagrammatic presentation modulo some rear-
rangement of wires and nodes, then they are behaviourally equivalent. This is because

rearrangement of wires and nodes has nothing to do with how tokens flow along wires. For
example, for all Mealy machines M: X®@ Y —Z® Wand N: W — Y, we have

W W
X z o X z .
o For any Mealy machine M: | — X, we have the following behavioural equivalences:
dyolgM ~ M ~ @
ngO!oM ~ id| @L@

The second behavioural equivalence means that we can always remove wyo!gM from
diagrams without changing their behaviour.
o For any Mealy machine M: X —o Y, we have the following behavioural equivalences:

[

gyo!M = (11M) o gx X @ Y (g ~ X_(5) X r@ 1y

cyo!M =~ (IM®!M) o cx X al

12

» We can always remove a thick box surrounding a single wire:

!idx:idyx % ~ S S

« For any Mealy machine M: &),_,., X;—Y, and for any Mealy machine N: | —X;
we have ) ) )
iMoo (idi, ® - - ®@idix,_, ®WN ®idi,,, ® - - - ®idix,)

~l,_1(Mo (iCI)(1 R ® iCl)(F1 QN® id)(i+1 R---Q& ian))-

https://doi.org/10.1017/50960129521000396 Published online by Cambridge University Press


https://doi.org/10.1017/S0960129521000396

654 U. Dal Lago and N. Hoshino

12

« For all Mealy machines M, N: | — X, we have cdx o (rp @ M® N) M and cdx o (r, @M ®
N) >~ N for all real numbers a # 0:

Furthermore, we can compositionally apply these behavioural equivalences, that is, we can replace
a subdiagram of a diagram with another behaviourally equivalent diagram. This is because the
composition, the monoidal product and the resource modality ! are compatible with behavioural
equivalence.

o For all Mealy machinesM~M': X —oYand N~N": Y —Z, wehave NoM~N"o M.
o For all Mealy machinesM ~M": X—oYand N~N': Z—oW,wehave NQ M~ N @ M".
« For all Mealy machines M >~ M": X 1<i<n Xi —Y, we have |;,M ~!,M.

6. Mealy Machine Semantics and Adequacy Theorems
6.1 Mealy machine semantics
We describe our denotational semantics for PCFSS based on Mealy machines. We interpret a type
A as the Int-object [A] given by:
[Unit] =1, [Real]=R, [A— B]=S® S ®![B]Q![A]",
and we interpret terms x:A,...,y:BFM:C and values x:4,...,y:BFV:C by Mealy
machines:
[x:A,...,y:BFM:C]: ![A] ® - - - ®![B] — S ® S ![C],
[:A...,y:BFV:C]y: ![A] ® - - - ®![B] — [C]

inductively defined by diagrams in Figure 5. In these definitions, we simply write [M] and [V]y
for [AFM:A] and [A - V: A]y, respectively, and we suppose that A is of the form (x:A) for
some variable x and some type A. In general, when A =(x:4,...,y:B), we need to replace
'[A] in Figure 5 with ![A] ® - - - ®![B] and appropriately duplicate g, ¢ and w. For example,
interpretations [x : A,y : Bl sample : Real] and [x: A,y : BV W: C] are defined to be

'R

Bl g
G
WG .

respectively. We note that [ M: A] and [ V : A]y are defined to be Mealy machines from I.
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[AFV:A] [Ax:AFx:A]y [AFrs:Real]y [AFF(V):Real]
Al Al '[A] '[A] [a] 1Al A MAL[Z N R ] R
@=Ll @ ®® :

u st 1[a] M st

s s

[AFVW:B] [AFlet xbeMinN:A] [AFAx*. M:A—B]y
![B] ![A] ![[AHL
'[A] 1[B]

oy

[AFifz(V,M,N):A]

(c=A—B and M=[xx*. M]y: [[A]®![c]—o[C])

[Atskip:Unit]y [At-sample: Realﬂ [AFscore(V):Unit]
]
'[a] 0 I '[A] @) (j <[[V]]v> (} ZL

Figure 5. Interpretation of terms and values.

6.2 Two adequacy theorems
For a Mealy machine M:1 —S® S'®!R, we define measurable functions weighty: Rxg x

R{p,1) = R>o and valuey : Rxo x R ;; = Ras follows.

o For (a,u) e R5q x Ri“o 1 if there are s, s’ € Sm, @’ € R>g and b € R such that

(o, (o, (@, ))), initw) = (o, (o, (@', £))), 5), (1)
(o, (0, (0,%))),5) = (o, (0, (0, b)), 8, )
that is, if we have the following transitions:
(a,u) S

then we define weighty,(a, u) and valuey(a, u) by:

weighty(a, u) = d’, valuey(a, u) = b.

o Otherwise, both weighty (g, u) and valuem(a, 1) are undefined.
Abusing notation, for a closed term i~ M: Real, we write weighty and valuey for weightp, and

valuey], respectively.
We give some intuitions about the measurable functions weight and value.
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o The measurable function weighty(a, ) has two purposes: one is to determine sampling
results of sas in M using u and the other is to collect scoring results by multiplying a with
weights given by scs in M.

o The purpose of valuey(a, u) is to calculate ‘execution result’ of M following the sampling
results determined by weighty(a, u).

Theorem 6. (Adequacy). For any configuration (M, a, u) and for any a’ € R>g and b € R,

(weighty(a, u) = a’ & valuey(a, u) =b) <= (M, a,u) =" (1, d, ¢).

Proof. The left-to-right implication follows from Proposition 18. For the other direction, it follows
from Lemma 20 that (M, [M]) € Rgea1. Let E be a Mealy machine given by axs ® idig, which is
depicted as follows:

Because ([ — |, E) is an element of Rl;'—eal, we see that (M, E « [M]) = (M, [M]) is an element of Q. By
the definition of €2, we obtain the implication from left to right. O

For a Mealy machineM: | - S ® St®!Randae R>, we define a measure ym, on R by:

Umal(A) = Z /R" WeightM(a, u) [valuey,(a, u) € A] du
neN

where weight,  and valuey, are measurable functions from R>o x Rj, ;; to R given by:

weighty(a, u), if weighty(a, u) is defined,

0, otherwise,

WeightM(a, u) = {

valuen(a, u), if valuey(a, u) is defined,
valuey(a, u) =

0, otherwise.

We note that the value of valuey,(a, u) in the otherwise case has nothing to do with the value of
M,a(A). Abusing notation, for a closed term - M : Real and for a € R, we write uy,, for K[M],a-

Theorem 7. (Adequacy). For any closed term =M : Real, we have M = Uu,1-

Proof. Let u be the unique measure such that M =, p. It follows from Proposition 21 that p <
um1- This is because w is the sup of the family of measures {@,}sen given by M =, uy,. It remains
to check puy; < . It follows from Lemma 23 that (M, [M]) € Qgea1. Let E be the Mealy machine
given in the proof of Theorem 6. Because ([ — |, E) is an element of Qgeal, we see that (M, E x [M]) =
(M, [M]) is an element of X. By the definition of X, we obtain the claim. O

It follows from Theorems 6 and 7 that sampling-based operational semantics is coherent
with distribution-based operational semantics. In fact, the latter can be derived from the for-
mer. An analogous result has already been proved by way of a purely operational (and quite
laborious) argument in an untyped setting in which, however, score is not available in its full
generality (Borgstrom et al. 2016). Here, it is just an easy corollary of our adequacy theorems.

The rest of this section is devoted to proving the above two theorems, which constitute the
main result of this paper, together with Theorem 25.
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6.3 On interpretation of the fixed point operator

We give some observations on the interpretation of the fixed point operator fixyg(—, —, —),
which will be used in Section 6.4 and Section 6.5. Let M: !X —o X be a Mealy machine. We show
that a Mealy machine MT: | —o X given by:

M = (M ® cutyy1) o ((cxo!M o gx) ® idyyL) 0 axix =

is a ‘least’ fixed point of M. This construction is used in the interpretation of the fixed point
operator. In fact, for a term f : A — B, x : A M: B, we have [fix,p(f,x, M)] = [Ax2. M]".

Parametrised Resource Modality and Parametrised Loop Operator. To see that M' is a ‘least fixed
point’ of M, we introduce parametrisation of the resource modality ! and the loop operator ( — ).
For a subset @ C N, and for a Mealy machine M: X — Y, we define !, M: !X —o!Y to be a Mealy
machine consisting of

Si,M = Sim = S, inity,y = inityy = (inity, inity, . . . )
andti,m: (Nx XT+NxY7) x Sﬁ—) (Nx X" +NxYT)x Sﬁgivenby:

(n@w, (s . . .»Su—1tSn+1>---)), iftm(z,sy) =(w, t) and n € «,

T,M(n@z, (si)ien) =
1M iieN {undeﬁned, otherwise.

Recall that for n € N and a € A + B, we write n@a for the element in N x A + N x B obtained by
the canonical isomorphism between N x A + N x Band N x (A + B). Then for a Mealy machine
M: IX —o X, we define a Mealy machine M™®: | —o!X by:

mbe — (M ® cutyy1) o ((cxolyM o gx) ® idyy1) o axix.

We note that we have IyM =!M and MPN = MT,
Let oy, B C N be subsets of N given by:

oy =0, Bn={(i,j) |i€a,andje N}, anr1={2i|ieN}JU{2i+1]ie By).

(Recall that (n, m) =m + (n + m)(n + m + 1)/2.) The definitions of o, and B, are motivated by
the following lemma.

Lemma 8. For any n € N and for any Mealy machine M: X —o Y, we have
(1 x SN2 s L s S22l e S ¢ 1) IF cyoly,,, M < (IM®15, M) o cx,
(1 x SN2 SN & (SN = (SN x 1) I gyols, M <!y, IM o gx
where f(sn)neN = ((S21)neN> (S2n+1)neN) and g(sn)nen = ((s(ij))jeN)ieN-

Proof. By the definition of «; and . O
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Lemma 9. Let X be a measurable space, and let ux: XN S XN XNY be a measurable
isomorphism given by:

ux (Xn)neN = ((X2n)neNs ((X2(m,))+1)meN)1eN)-
Then there is a family of measurable functions {¢x : XN 5 (XNNY . easurable space Such that

N NN 4N ON\N NN X Ny N\N\N = N NyN\N
uyopx=X") — X) x (X)) —— X)) x (X)) = X" x X))

where the last isomorphism is given by (((xi)i)j» (ik,)i)i)j) = ((%ij)i> (Vik)i)k)j-

Proof. ForsetsI,], ..., K, weregard elementsin ((X'))) - - - )X as functions from I x J x - - - x K
to X. For x € (X™)N and (4, b) € N, we define (¢x(x))(a, b) by induction on a:
x(a’, 2b), ifa=2d,

)b =
(¢x(x))(a, b) (¢ (X)) (ao, a1, b), if a=2(a, ar) + 1

where x’ € (X™)MN is given by:
X (n,m, ) =x(n, 2(m, 1) + 1).

Here, ¢yn(x') takes three arguments because ¢yn(x') is an element of (XNHNN We note
that the inductive definition of ¢x makes sense because a =2(ag, a;) + 1 implies a; < a. It is
straightforward to check that the family ¢x satisfies the condition. O

Lemma 10. For any n € N, and for any Mealy machine M: X —o X, we have
upy IF Mt < Mo (IM) e
where uy, is a measurable function given by:

idsM XUy N ~
Sm % Sy X (S = Syoquaytean

Here, u(_) is the isomorphism given in Lemma 9 and the first and the last isomorphisms are obtained
by applying canonical isomorphisms 1 x (—)=(—)and (—) x1=(—).

Sytenss = Sm X Shy

Proof. See Figure 6. By tracking how states in those Mealy machines are related, we obtain uj, I-
M T-@n+1 <Mo (!M)T,Oln' O

Lemma 11. For any n € N, and for any Mealy machine M: !X —o X, we have
i I ()P <p(M™e)
where ¢y, is a measurable function given by:

id gy x s
s M
S(!M)T,un = SIJ X (SS)N M SII\\/I] x (SII\\/I])N v (SM x SII\\/I])N ~ S!O(M’r,an)-

Here, ¢(_y is the measurable function given in Lemma 9, and v is a measurable function given
by v((si)i, ((t,1),)i) = (si» (¢;,1);)i» and the first and the last isomorphisms are obtained by applying
canonical isomorphisms 1 x (—)=(—)and (=) x1=(—).

Proof. We prove the statement by induction on n. (Base case)
(IMP* = (IM® cutyy1) o ((C1xolyy M o gix) ® idyy1) o axyx

~IMo! ((idgx ® cutyy1) o ((cxolgyM o gx) ® idy1) o anx) ~lo(MPo),
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M+san+l ~
X
o X
- IX N X
M)
- IX N X
I\
Figure 6. A diagrammatic proof of Lemma 10.
(Induction step)
Induction
Lemma 10 hypothesis Lemma 10
(M) IR TIM o (M) T T T IMo g (IM) P 2 1p(M o (IM)Pn) T Tl (MPem),

By tracking how states are related in these behavioural equivalences, we obtain ¢f, I (M) <
lo(M"®n), For the induction step, we can use Lemma 9. O

For n € N, and for a Mealy machine M: !X —o X, we inductively define iter,(M): | — X by:
iterg(M) = Ly, iter,11(M) = Mo!y(iter,(M)).

Proposition 12. For all n € N, we have

MPn ~ iter, . 1 (M), Tytay < Tytey < Typhag < v -
and
Swt =Swren,  inityr =inityra,  Tyr = \/ Tyran.
n>0

Proof. For all n € N, by the definition of M™%, we have Sy = Syt.an, inityr = inityie, and

Tmheo S Tyter S Tyhey <00, vt = \/ T\Mtan -

n>0

By induction on n € N, we check M@ ~ iter, 1 (M). For the base case, we have M ~ iter; (M)
because (idix ® cutyy1) o ((cxolgyM o gx) ® idix) o axx is behaviourally equivalent to !o_Lx. The
induction step follows from Lemmas 10 and 11. O

Proposition 13. For any Mealy machine M: X —o X,
MoloMT ~ MT.

Proof. By Lemmas 10 and 11, there is a measurable function & from Sy to Sy, vt that preserves
the initial states and makes the following diagram commute for all n € N:
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P+X")xh

(@ +X7) x Syt (@ +X7) X Suolymt

TuTent1 l JIMO!OMT’“”

(B4 XF) x Sy B+ XF) X Syopgmt -

B+XT)xh

Because Tyt = \/ ey Tytanst and Tyoomt = Ve TMolgMtan» We obtain MolgMT ~ M, O

6.4 Proof of Theorem 6

Lemma 14. (Substitution Lemma). Letxj : A1, ...,X, A, FM:Bbeterm,andletxy : Ay, ...,Xp,:
A, =V :B be avalue. For any closed value U : A;,

M) o (idypa, ] ® - - - @ idypa,_, 1@ [U]v ® idi[a,,,] ® - - - ®idipa,) = [M{U/x:}],
[V]v o (id![[Alﬂ R Q id![[A,',I]]@!O[[UﬂV & id![[AiHﬂ R Q id![[An]]) >~ [V{U/xi}]yv-

Proof. By induction on M and V. Induction steps can be checked by diagrammatic reasoning. [

Lemma 15. For Mealy machines M~ N: X —oY, we have weight, = weighty and valuey =
valuey.

Proof. By the definition of behavioural equivalence, if M < N, then we have weighty, = weighty
and valuey =valuey. Because =~ is the symmetric transitive closure of <, we obtain the
statement. O

Lemma 16. Let - M:Real be a closed term of the form E[score(r,)] for some evaluation context

E[ — ] and a € R. Then for any (b, u) € R>¢ x RT0,1]>

* both weighty(a, u) and valuey(a, u) are defined if and only if both weightg g5 (16] a, u) and
valuegskip) (|| a, u) are defined; and

o if both weighty(a,u) and valuew(a,u) are defined, then weighty(a,u)=
weightE[Skip](|b| a, u) and valuey(a, u) = valueg(sxip) (0] a, u).

Proof. By induction on E with some diagrammatic reasoning, we can show that there is a Mealy
machine E: | — S ® ST ®!R such that [E[skip]] and [M] are behaviourally equivalent to

R
'R I} st

| st R

S
>

S

respectively. (Note that !l is equal to |.) By tracking how tokens travel, we obtain the statement. [

Lemma 17. Let -M:Real be a closed term of the form E[sample] for some evaluation context
E[—]

o For any a € Rx, both weighty(a, ) and valuey(a, ¢) are undefined.
o For any a € R and for any b::ve R?‘O)I], both weighty(a, b ::v) and valuey(a, b:: v) are
defined if and only if both weightg, (a, v) and valueg(y,)(a, v) are defined, and if all of them

are defined, then weighty(a, b::v) = WeightE[rb] (a,v) and valuey(a, b :: v) = valueg(r,)(a, v).
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Proof. By induction on E with some diagrammatic reasoning, we can show that there is a Mealy
machine E: IR — S ® ST ®!R such that [E[r ]] and [M] are behaviourally equivalent to

'R

@ e -
: 0 S

>

respectively. By tracking how tokens travel, we obtain the statement. O

We first prove soundness.

Proposition 18. (Soundness). For any configuration (M, a, u) and for any a’ € R>g and b € R, if
M, a, u) =>* (xp, d', €), then weighty(a, u) = a’ and valuey(a, u) = b.

Proof. By induction on the length of —*. (Base case) Easy. (Induction step) By case analysis of
the first evaluation step of (M, a, u) —* (rp, @', &).

o If the first evaluation step is of the form (E[N], a, u) — (E[L], a, u) for some N xed L, then
by Lemma 14 and by Proposition 13 with some diagrammatic reasoning, we can check
[E[N]] = [E[L]]. Because (E[L], a, u) —=* (xp, @', €), it follows from induction hypothesis and
Lemma 15 that weightgy(a, u) = a’ and valuegpy(a, u) = b.

o If the first evaluation step is of the form (E[score(r,)], a, u) — (E[skip], |c| 4, u), then by
induction hypothesis, we have WeightE[Skip](|c| a,u) =a’ and valueg(skip)(|c| a, u) = b. By
Lemma 16, we obtain weighty(a, u) = a’ and valuey(a, u) = b.

o If the first evaluation step is of the form (E[sample], a, ¢ :: u) — (E[r.], 4, u), then by induc-
tion hypothesis, weightg, (a, u) = a’' and valuegy j(a, u) =b. By Lemma 17, we obtain
weighty(a, c:: u) = a’ and valuey(a, ¢ :: u) = .

O

We next show that if weighty(a, u) = a’ and valuey(a, u) = b, then (M, a, u) =>* (rp, d, &). To
prove this, we use logical relations. We define a binary relation Q2 between closed terms of type
Real and Mealy machines from | to S ® S*®!R by:

M, M) € Q < forall (a,u) e R5¢ x Rfo,l] and foralla’ € R>gand b € R,
if weighty (a, u) = a’ and valuey(a, u) = b, then (M, a, u) —* (ry, d’, €).
We then inductively define binary relations:
Ry C {closed values of type A} x {Mealy machines from | to [A]}
R, C {evaluation contexts x : A - E[x] : Real} x {Mealy machines from ![A] to S ® S ®!R}

Ry, C {closed terms of type A} x {Mealy machines from | to S ® SL®![[A]]}

RRea1 = {(I‘a, ra) | ae R}:
Runit = {(skip, id))},
Rag ={(V,M) | Y(W,N) € Ry, (VW,MeN) e Rg}
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and
R ={(E[—1,E) | V(V, M) € Ry, (E[V], EolgM) € €2},
Ra={(M,M) |V(E[— ],E) €R), (E[M],E*M) € 2}
where Mealy machinesM e N: | — S ® ST ®![B] and ExM: | — S ® S ®!R are given by:

'R

'[A] ![8] Al o st
st st
S S

Lemma 19. Let A be a type.

(1) If (V,M) € Ry, then (V, axs®!oM) € Ry.

(2) IfM 2%, then (W, M) € Ry if and only if (N, M) € Ry,

(3) If M, M) € Ry and M =N, then (M,N) €Ry.

(4) For any closed termM: A, (M, Lsgsigi[a)) € Ra where Lx: | —o Xis the token machine whose
transition function is the empty partial measurable function.

(5) For any closed value V: A — B, (V, J_[[A_)B]]) € Rp_p.

(6) If M, M;) € EAfor Mealy machines (M;);cN such that Sy, = Sm, = - - - and inity, = inity, =

- and Ty, <tm, <-- -, then (M, N) € Ry where N is given by SNy = Sw,, inity = inity, and

™ =V ,en ™,. Here, the lub is the union of graph relations.

Proof. (1) and (2) follow from the definition of Ry. (3) follows from Lemma 15. (4) holds because
weightg, Legslop is the empty partial measurable function for any E: ![A] — S ® S*®!R. (5)

follows from (4) and Ly ] N Lgggig g for any Mealy machine N: | —o [A]. (6) follows
from the definition of weight_) and value-). O

Lemma 20. (Basic Lemma). Let A = (x:A1,...,X,:Ay) be a type environment.

o Forany term A +M: A and for any (V;, N;) € Ry, fori=1,2,...,n, we have
(M{V1/x1, .. Vn/%n}, [M] 0 (10N1 ® - - - ®!oN,)) € Ry.

o For any value A=V : A and for any (V;,N;) € Ry, fori=1,2,...,n, we have
(V{V1/x15 .. o> Vu/%a}s [Vy 0 (0N ® - - - ®1gN,,)) € Ry

Proof. By induction on M and V. Most cases follow from Lemma 19 with some diagrammatic
reasoning. Here, we only check a few induction steps.

« When M = score(V), it is enough to check (score(r,), SC o Ic) € Rynit, forall c € R. Let (E, E)
be a pair in Rgnit. If weighte,(scor,)(a, 1) = a’ and valueg,(scor,)(a, u) = b, then by the def-
inition of sc, we see that E satisfies weightg,iqg, (¢l a, u) = a’ and valuegeyig,(Ic| a, u) =b.
Because (E,E) € RJnit, we obtain (E[score(r.)], a, u) — (E[skip], |c| a, u) =>* (T, d, &).

« When M= sample, we show that (sample,sa) is an element of Rgea1. For any (E,E) in
Ra.y, if weighte,q,(a, u) = @’ and valueg,sa(a, u) = b, then by the definition of sa, we see
that u must be c:: v for some ¢ € Rjg1j and v € R |, such that weightg,,  (a,v) =4’ and

[0,1]
valuegoyr,(a, v) = b. Because (E, E) € Rgeal, we obtain (E[sample], a, u) — (E[r],a,v) =%
(rp, d, €).
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o When V=1=ix,g(f, x,N), for simplicity, we suppose that V is a closed value. By induction
hypothesis and (2) in Lemma 19, we can check that for all k € N,

k

(V, [Ax*. N] o lo([Ax*. N] o - - - olo([Ax". N] oloLs_p]) - - - )) € Rass.

By Proposition 12 and by (6) in Lemma 19, we obtain (V, [V]y) € Ry 5. O

6.5 Proof of Theorem 7

We first prove soundness. The following proposition means that uy; takes all terminating
probabilistic branches into account.

Proposition 21. (Soundness). For alll-M:Real and all n € N, ifM =,  for a measure p on R,
then a p < gy for any a € Rx,.

Proof. By induction on n. (Base case) Easy. (Induction step) By case analysis.

If M=E[N] =41 ¢ and N xed L for some term L, then we can check [E[N]] =~ [E[L]] by
Lemma 14 and by Proposition 13 with some diagrammatic reasoning. Because E[L] =, 4,
it follows from induction hypothesis and Lemma 15 that a i < .

o IfM=1y, then uy, = ady.

If M=E[score(ry)] and E[skip] =, u, then by Lemma 16 and induction hypothesis, we
obtain puy, > |b| a u.

o IfM=E[sample], then

Hna(A) =" /R _ weight, (a, u) [valuey(a, u) € A] du

neN [0,1]

LB;WZ Alvﬂ WeightE[rb](a’ V) [—ValueE[rb] (a,v) € A]d(b,v)

neN “0.1]
_ / (Z / weight, (@, v)lvaluey,, (@, V)] dv) db.
R \pen /Rio ’

Let k: R ~~ R be a finite kernel such that E[r;] =, k(b, —) for any b € R. Then by induction
hypothesis, uyq(A) > a fR[o . k(b, —) db.

O

We next show that M =, @ implies py,; < a 1 by means of logical relations. We define a binary
relation = between closed terms of type Real and Mealy machines from | to S ® S*®!R by:

M, M) € ¥ <= if M= u, then uy, < au for any a € R>g.
We then inductively define binary relations:

Qx C {closed values of type A} x {Mealy machines from | to [A]}
QI C {evaluation contexts x : A+ E[x] : Real} x {Mealy machines from ![A] to S ® S'QIR}
Qu C {closed terms of type A} x {Mealy machines from | to S ® SJ‘®![[AH}
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by:

Qrea1 = {(ra> 1) [a € R},

Qunit = {(skip, id))},

Qu—sp ={(V,M) | V(W,N) € Qu, (VW,MeN) € Qg}
and

Qi ={(E[—1,E) | Y(V,M) € Qa, (E[V], EcloM) € T},
Qu={MM)|V(E[-],E)eQ,, (EM,ExM) e Z}.

Lemma 22. Let A be a type.

(1) If (V,M) € Qy, then (V, axs®!oM) € Q4.

(2) IfM xed N, then (M, M) € Qy if and only if (N, M) € Q.
(3) If (M, M) € Qy and M =N, then (M, N) € Q,.
(4) For any closed valueV: A — B, (V, J_[[A_)B]]) € Qa_p.
(5) If M, M;) € (_QAfor Mealy machines (M;)jen such that Sy, = Sw, =- - - and inity, = inity, =
cand vy, <tm, <---, then M,N) € Qy where N is given by SN = Su,, inity = inity, and
™ =V ,en ™,. Here, the lub is the union of graph relations.

Proof. Similar to the proof of Lemma 19. O
Lemma 23. (Basic Lemma). Let A = (x:41,...,%,:Ay,) be a type environment.

o For any term A+M: A and for any (V;,N;) € Qu, fori=1,2,...,n, we have
(M{V1 /%15 .5 Vn/Za ) [M] 0 (I0N; @ - - - ®1N,)) € Qa.

o For any value A=V : A and for any (V;,N;) € Qu, fori=1,2,...,n, we have
(VEV1/%15 .5 Va/%n)s [VIv 0 (loN1 ® - - - ®1oNy)) € Q.

Proof. By induction on M and V. Most cases follow from Lemma 22 with some diagrammatic
reasoning. Here, we only check a few induction steps.

« When M = score(V), it is enough to show that (score(r;), sC o ;) is an element of Qg+ for
any a € R. Let (E, E) be a pair in Q;}—nit, and let i be the measure such that E[skip] =0 4.
By the definition of sc and induction hypothesis, for any b € R, we obtain (g, (scor, )b =
MEolyidplal b = lal b .

« When M = sample, we show that (sample, sa) is an element of Qgea;. Let k: R ~» R be an
s-finite kernel such that E[r,;] = k(a, —). Then for any (E, E) € Q;:eal, and for any a € R>,

MEssaalA) =) / - weight, (a,) [valueg,,(a, u) € Al du

neN YR

=) /}R oo Weight, | (a,v)[valueg,, (a,v) € A] (b, V)

neN * 70,1]

_ f (Z / weight, , (@ v)lvalueg,y,, (@ 1) € A] dv) db.
Rpo] n —=Fo!

neN [0,1]

Hence, by induction hypothesis, we obtain [tgssaq(4) <a flR[o | k(b, A).
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o When V==fix,g(f, x,N), for simplicity, we suppose that V is a closed term. By induction
hypothesis and (4) in Lemma 22, we can check that for all k € N,

k

(V, [Ax*. N] o lo([Ax*. N] o - - - olo([Ax*. N] olgLpa_p]) - - )) € Quos-
By Proposition 12 and by (5) in Lemma 22, we obtain (V, [V]y) € Qa—5. O

7. How About S-Finite Kernels?

The reader experienced with the semantics of probabilistic programming languages have probably
already wondered whether a Gol model for PCFSS could be given out of s-finite kernels instead
of measurable functions, following Staton’s work on the semantics of a first-order probabilistic
programming language (Staton 2017).

The answer is indeed positive: the kind of construction we have presented in Section 5 can in
fact be adapted to the category of measurable spaces and s-finite kernels. The latter, being traced
monoidal, has all the necessary structure one needs (Abramsky et al. 2002). What one obtains pro-
ceeding this way is indeed a Gol model, but adequate only for the distribution-based operational
semantics.

The interpretation of any program in this alternative Gol can be seen as structurally identical
to the one from Section 5 once the sample and score operators are interpreted as usual, namely as
those s-finite kernels which actually perform sampling and scoring internally. Below, we introduce
probabilistic Mealy machines whose transitions are described in terms of an s-finite kernel, and
we give some basic probabilistic Mealy machines. Finally, we give an adequate Gol model for the
distribution-based operational semantics, and we apply the Gol model to prove commutativity of
let-bindings.

Being adequate for the distribution-based semantics directly (and not by way of integration
as in Theorem 7) has the pleasant consequence of validating a number of useful program trans-
formations, and in particular commutation of sampling and scoring effects, see Borgstrom et al.
(2016) for a thorough discussion about this topic, and about how s-finite kernels are a particularly
nice way of achieving commutativity in presence of scoring.

7.1 Probabilistic Mealy machine
A probabilistic Mealy machine is a Mealy machine whose transition function is given by an s-finite
kernel. Let X and Y be Int-objects.

Definition 24. A probabilistic Mealy machine M from X to Y consists of

« a measurable space Sy called the state space of M;

o an element inity € Sy called the initial state of M;

o an s-finite kernel Ty : (X + Y ™) x Sy~ (X~ + Y1) x Sy called the transition kernel of M.
When M is a probabilistic Mealy machine from X to Y, we write M: X — Y.

We can regard a Mealy machine M: X — Y (as we defined in Section 5.1) as a probabilistic
Mealy machine from X to Y by identifying the transition function 7y with the corresponding s-

finite kernel 7}}. We write M* for this probabilistic Mealy machine. Just like Mealy machines, we
depict a probabilistic Mealy machine M: ®1<j<s Xi = ®1<i<mYi as a node with labelled wires:
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In order to informally explain behaviour of probabilistic Mealy machines, we sometimes use thick
arrows to present how tokens are handled.

7.2 Construction of probabilistic Mealy machines

We introduce probabilistic Mealy machines and their constructions that are building blocks of our
denotational semantics based on s-finite kernels. Most of them are adaptations of Mealy machines
in Section 5.2, and we just give their formal definitions.

7.2.1 Composition
For probabilistic Mealy machines M: X—Y and N: Y —Z, we define a probabilistic Mealy
machine NoM: X — Z by:

SNoM = SN X Sm» inityom = (inity;, inity)
and
n
oM =kt z-x-zt + D Kyt y-x-z+ O Ky yo ye y o ky- 2oy v
neN

where kg pcp: (A+ B) X Snom ~ (C + D) X Snom are the restrictions of an s-finite kernel:

Xt 4+Z + YT +Y7) x Snom
¢
XT+Y ) xSuxSy+(YT+2Z7) xSy x Sy
h= S eidh) @ (@ idg,)
(X_+Y+) X Sm XSN—|-(Y_+Z+) X SN X Sm

¢

X~ +ZT+ Yt +Y7) X Snom

The first arrow and the last arrow in the definition of h are induced by canonical measurable
isomorphisms. For example, ky+ 7— x— 7+ : (X7 4+ Z7) x Snom ~ (X~ + ZT) x Snom is given by:

kX*,Z*,X*,ZJr((W) S5 t)’ A) = h((u(w), S5 t)’ (V X idSNom)(A))

where u: Xt +Z" > X" +Z +YT+Y and v: X~ +ZT > X +Zt 4+ YT + Y are the
canonical injections.

7.2.2 Monoidal products
For probabilistic Mealy machines M: X—Z and N: Y — W, we define a probabilistic Mealy
machineM@N: X®Y —-ZQ W by:

SmaN = Sm X SN» initygn = (inity, inity)
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and
(XT+YT)+(Z7+ W) X Smen
¢
XT+Z)xSux SN+ (YT 4+ W) x Sy x Sm
TMEN = g(rM®id§N)ea(rN®id§M)
X+ ZT) xSy xSn+ (Y~ 4+ W) x Sy x Sm
¢

(X=+Y)+(ZT+ W) x Suen

where the first and the last arrows are induced by canonical measurable isomorphisms.

7.2.3 Aresource modality
LetM: @), ;<, Xi — Y be a probabilistic Mealy machine. We define !,M: &),_;_,!X; —+!Y to be a
probabilistic Mealy machine consisting of:
S,mM=SN,  init,y = (inity, inity, .. .)
and
+ - N
(X1<iea NX X"+ N X Y7) x Sy
sg#
N x (ZISI-SnXiJr +Y7) x Sy x Sll\\,l]
M= $Bnen ™ @ idgy
N X (Y qcicn Xi + Y1) x Sy x Sy
s/(h—l)#
(X 1<icn NX X7 +Nx Y1) x SN

where g is a measurable isomorphism given by:
8@z, (s1,82,...)) = (js 2,5}, (1,825 - + - » Sj— 1> Sjt-1> Sj425 - - - ))

forjeN, ze) .., Nx X"+ Nx Y~ and (s1,5,...) € Sﬁ; and h is a measurable isomor-
phism given in the same way. (The operator ( — )@( — ) is given in Section 5.2.5.) Below, we omit
the subscript of |,M when n=1.

7.2.4 Diagrammatic presentation
We adopt the same diagrammatic presentation: we depict the composition, the monoidal
products, symf, ax§, cut}, and the resource modality !,,( — ) as follows:

7.2.5 Scoring
We define an Int-object J by (4, 1), and we often identify J ® J- with (1,1). We use J as the
‘state’ object in the denotational semantics based on s-finite kernels. Here, we use J = (1, §) rather

https://doi.org/10.1017/50960129521000396 Published online by Cambridge University Press


https://doi.org/10.1017/S0960129521000396

668 U. Dal Lago and N. Hoshino

than S = (R>¢ x R[ko 1) () as in the denotational semantics based on partial measurable functions
because s-finite kernels can manage these informations internally.

We define Sc: R — J ® J-®!l to be a probabilistic Mealy machine consisting of
Ssc=1, initge = *
and ts¢: (R+ (14 9)) x Ssc ~ ({2} 4+ (1 + 0)) x Ssc given by:
tsc(((e, @), initsc), A) = |al [((o, (e, %)), initsc) € A],
7sc(((o, (e, %)), initsc), A) = [((e, ?), initsc) € A].

The probabilistic Mealy machine simulates scoring score(r,) as follows:

Jt lal
*

c=2==ofl

*

that is, Sc first throws a query to its argument, and to each answer a from its argument, Sc outputs
* with ‘likelihood’ |a.

7.2.6 Sampling
We define Sa: | —+J ® J-®!R to be a probabilistic Mealy machine consisting of
Ssa=Rpy,  initsa=0
and
Tsa: @+ A +Nx{?}) xSsa~~ @+ (1+N xR)) x Ssa
given by:

TSa(((Oa (.: *))> 5)>A) = MBorel({a € R[O,l] | ((O, (.> *))’ a) € A}):
7sa(((o, (0, (1, 2))), 5), A) = [((0, (0, (1, 5))), s) € A].

The probabilistic Mealy machine behaves as follows:

R
R = (.

(n,b)
J* N
* J

J

1. In the initial state initss, given * from the J-wire, Sa draws a real number from the Borel
measure and memorises the real number. For example, the probability of the state being a real
number in [0.1, 0.3] after this transition is 0.2.

2. If Sadrew a in (1), then for every ‘query’ (u, ?), Sa answers (#, a).

We note that we always use Sa in this way in our denotational semantics, and therefore, the
definition of inits, is not essential.

7.3 Diagrammatic reasoning on probabilistic Mealy machines

We extend the notion of behavioural equivalence to probabilistic Mealy machines. Let M, N: X — Y
be probabilistic Mealy machines. We write M < N when there is a measurable function f : Sy — S
such that f(initm) = inity and the following diagram commutes
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Xt+Yy)ef*

(XT+Y7) xSm (XT+Y7) xSy
X+ Y+) X Sm MMN» X+ Y+) X SN.

We define an equivalence relation > to be the symmetric transitive closure of < and say that
probabilistic Mealy machines M, N: X — Y are behaviourally equivalent when we have M >~ N.

Behavioural equivalences given in Section 5.3 are valid for probabilistic Mealy machines. This
is the reason why we adopt the same diagrammatic presentation.

« If two probabilistic Mealy machines have the same diagrammatic presentation modulo some
rearrangement of wires and nodes, then they are behaviourally equivalent.
For any probabilistic Mealy machine M: | — X, the following behavioural equivalences hold

dfolgM =~ M
wiolgM 2 id

For any probabilistic Mealy machine M: X — Y, the following behavioural equivalences hold

~ X Y ny ~ X 11X 1y
giolM ~!IM o g, [@® ~ @)

cholM = (IM®!M) o ¢k x @ e o

12

()X

12

We can always remove a thick box surrounding a single wire:

!idx ~ idgx % ~ S S

« For any probabilistic Mealy machine M: @),_;_, X; =Y, and for any probabilistic Mealy
machine N: | — X;, we have T

LMo (idfy, ® - ®id_ ®N@id) - ®idj )
~l, (Mo (idy ® -+ ®idy,_ | ®N®idy, K ®- - ®id§)).

« For all probabilistic Mealy machines M, N: | — X, we have cdf( o (rg ®M® N)~ M and Cd§ o
(rZ ® M ® N) >~ N for all real numbers a # 0.
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(AFV:A) (0,x:AFx:A)y (AFrg:Real)y (AFF(V):Reall
!(a) 10a) (7] 4) A) N (A '®) N R a) AN\ R R
d w fa g
S © ol 9l0 OROn
C @ C
(A-V W:B) QAFlet x be Min N:A) (A-Axh. M:A—B)y,

'(]A 1(a)*
'GAD 1(B)
1(a) Ji

Al—lfz V,M,N):
!GAD '(IAI)

(C=A—B and M=(Ax*. M)y : !(A)®!(C)—(C))

(Arskip:Unit)y (A-sample: Reall) (Arscore(V):Unit)

!(IAD@ | () Q€ ’QADR

Figure 7. Interpretation of terms and values.

« For all probabilistic Mealy machines M>~M": X —Y and N>~N": Y — Z, we have NoM =~
N oM.

« For all probabilistic Mealy machines M>~M’: X —Y and N>~N’: Z— W, we have N@ M >~
N'®M.

« For all probabilistic Mealy machines M >~ M’: X1<i<n Xi =Y, we have |;,M ~!,M.

8. Probabilistic Mealy Machine Semantics and Adequacy Theorem
8.1 Probabilistic Mealy machine semantics
We interpret a type A as the Int-object (A) given by:
(Unit) =1, (Real) =R, (A—B)=J®Ja!(B)®!(4)t,

and we interpret terms x; : Ay, ..., X, A, —M:Band values x; : A1, ...,%, : A, - V:B by proba-
bilistic Mealy machines:

(x1:A1, ... Xt A FMIB): (A ® - - - ®!(An) — J ® J-®!(B),
(x1:A1,..., %yt A EVIB)y: 1(A) ® - - - ®!(AL) — (B)

that are inductively defined by diagrams in Figure 7. Here, as we did in Figure 5, we suppose that
A is of the form (x : A) for some variable x and some type A.

8.2 Adequacy for distribution-based operational semantics
Let M: | — J ® JL®!R be a probabilistic Mealy machine. We define s-finite kernels £}': 1~ Sy
and t)': Sy~ R by:

£y (%, A) = (o, (8, %)), initwm), {((o, (e, %)), 5) | s € A}),

1'(s, A) = (o, (0, (0, 7)), ), {((0, (0, (0,a))), ) |a€ Aand s’ € Su}).
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Then we define a measure obsy on R to be t?/' o tg'(*, —). Intuitively, for a measurable set
A € ¥R, the value obsy(A) is the probability of getting a € A as the result of the following

process:
R s> R Eg’ ?))
gt 4
J * J
Namely,

(1) we first input * to the J-wire;
(2) after M outputs * to the J-wire, we input (0, ?) to the !R-wire. Outputs (0, a) for some a € R
from the !R-wire are regarded as outputs of this whole process.

Abusing notation, for a closed term M : Real, we write obsy for obsQM .

The intuition behind the definition of obsy is almost the same as that of weighty, and valuey
in Section 6.2. First, in the run (1), the token * traverses M and fires sampling and scoring in
an appropriate order. Information provided by sampling and scoring is internally collected by
the s-finite kernel t(';". Then the run (2) gives the execution result of M associated with the sam-
pling results obtained in the first stage. Finally, the composition obsy = t}! o t}!(x, —) integrates
sampling and scoring results in the first stage with associated execution results in the second stage.

Theorem 25. (Adequacy). For any closed term =M : Real, if M = 14, then obsy = .

Proof. Let p be the measure such that M =, . It follows from Proposition 30 that p < obsy.
This is because p is the sup of the family of measures {{t,},eN given by M=, p,. It remains
to check obsy < . It follows from Lemma 32 that (M, [M]) € Pgea1. Let E be the Mealy machine
given in the proof of Theorem 6. Because ([ — ], E) is an element of Py,,;, we see that (M, E
[M]) = (M, [M]) is an element of 4. By the definition of 24, we obtain the implication from right
to left. O

In Section 8.3, we prepare two propositions that are used in the proof of Proposition 30 and
Lemma 32, which are proved in Section 8.4.

8.3 On interpretation of the fixed point operator

Let M: IX — X be a probabilistic Mealy machine. In this section, we show that a probabilistic Mealy
machine M': | — X given by:

M =M® cutfo) o ((Cﬁo!M o gi) ® id?x) o axfx =

is a ‘least’ fixed point of M. The argument in this section is essentially equivalent to the argument
in Section 6.3, and we only give definitions and statements.

Parametrised Modal Operator and Parametrised Loop Operator. For a subset « C N, and for a
Mealy machine M: X — Y, we define | M: !X —olY to be a Mealy machine consisting of

S!aM = S!M = SII\\/II, init!aM = lnlth
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and
- N
(NxXT+NxY") xSy
§g#
Nx (XT+Y7) x S x S
UM = $Bnen kn @ idy

Nx (X~ +Y+) x Su x S§

i(h—l)#
- N
(Nx X"+ NxYH) xSy

where g* and (h—1)* are measurable functions given in Section 7.2.3,and k,,: (X + Y ™) x Sy~
(X~ + YT) x Su is an s-finite kernel given by:
™, ifnéea,
kn = .
@b, ifn¢a.

Then for a probabilistic Mealy machine M: IX — X, we define a probabilistic Mealy machine
M | —IX by:

MP = (M ® cut],, ) o ((cko!luM o g}) ® id}y) o axjy.
For a probabilistic Mealy machine M: IX — X, we inductively define iter,(M): | — X by:
itero(M) = L%, iter,+1(M) = Moly(iter,(M)).

Proposition 26. For alln € N, we have

MT’a" ~ iter,,_H(M), Tyheo = Tyhey S Tyhay =000 Imt = \/ T\tan

n>0

where o, are subsets of N given in Section 6.3.

Proposition 27. For any Mealy machine M: !X — X,
MoloMT ~ MT.

8.4 Proof of Theorem 25

Lemma 28. (Substitution Lemma). LetMbeatermxy : Ay, ..., %X, : A, =M:B, and let V be a value
X1 1A, ..., X, Ay EV B, For any closed value U : A;,
(M) o (idjy,) ® - - - ®idyy,, ®l(U)y ®idy, @ @idjy, 1) (M{U/x}),
#

(Vv o (idjyy,) ® - - @idyy,,  ®lo(U)y ®idy, @ ®idjy, ) = (V{U/xi))y.

i—1
Proof. By induction on M and V. Induction steps can be checked by diagrammatic reasoning. [
Lemma 29. For probabilistic Mealy machines M = N: X — Y, we have obsy = obsy.

Proof. By the definition of behavioural equivalence, if M < N, then we have obsy = obsy. Because
~ is the symmetric transitive closure of <, we obtain the statement. O

We first prove soundness.

Proposition 30. (Soundness). For any closed term M:Real and for any ne N, if M=, 1 for a
measure |t on R, then u < obsy.
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Proof. By induction on n. (Base case) Easy. (Induction step) By case analysis.

e fM=E[N] =,4; pandN id> L for some term L, then we can check (E[N]) >~ (E[L]) by using
Lemma 28, Proposition 27 and diagrammatic reasoning. Because E[L] =, i, it follows from
induction hypothesis and Lemma 29 that i < obsg[y;.

o If M=r,, then obsy =§,.

o If M=E[score(r,)] and E[skip] =, i, then by induction hypothesis, we have pu <
Obsg[skip]. By induction on E with some diagrammatic reasoning, we can show that
there is a probabilistic Mealy machine E: | — J ® J*®!R such that (E[skip]) and (M) are
behaviourally equivalent to Mealy machines:

R
R 1l (& Jt
L
N= @ |_=R J

respectively. (Note that !l is equal to I.) Let us identify S and Sy in the obvious way.
Then t(%(*,A) is equal to |a] t(’)\'(*,A), and 1‘1L is equal to t{\‘. Hence, obsy = obs; = |a] obsy =
la| obsg[skip) > lal u.

o If M=E[sample] and E[r,] =, k(a, —) for some finite kernel k, then by induction on E, we
can show that there is a probabilistic Mealy machine E: 'R — J ® J-®!R such that (E[r,])
and (M) are behaviourally equivalent to Mealy machines:

R
R R (&} J+
1

LG e

respectively. There is an s-finite kernel h: Ryg 1) ~+ Sg X Ssa such that

t(ls =1 M R[O,l] h SE X Ssa

and h(a, A) = tgl”(*, {seSe|(s,a) e A}) for all a € R and A € X5, «s,,. (Here, we identified
Sn, with Sg and identified S| with Sg x Ss; in the obvious way.) We also have

(s a), A) =" (5, 4)
forall s € Sg, a € Rp,1j and A € Xg. Hence, we obtain

obsy(A) = obsi(A) = (tf o t§)(x, A) = / (t- o h)(a, A) da
Rio,1]

= / (1) 0 1)) (%, A) da = / obsy, (%, A) da = / obsgr, (%, A) da.
Rio,1) Rio,1) Rio,1)

By induction hypothesis, obsy(A) > [R[o | k(a, A) da. 0

We prove adequacy by means of logical relations. We define a binary relation Q4 between
closed terms of type Real and probabilistic Mealy machines from | to J ® J-®!R by:

(M, M) € Q4 <= if M=, 1 then obsy < u.
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We then inductively define binary relations:
Py C {closed values of type A} x {probabilistic Mealy machines from | to (A)}
P,;r C {evaluation contexts x : A E[x] : Real} x
{probabilistic Mealy machines from !(4) to J ® J-®!R}

Py, C {closed terms of type A} x {probabilistic Mealy machines from | to J ® J-®!(A)}

by:

Prea1 = {(rar12) [a € R),

Puynit = {(skip, id)},

Py_g ={(V,M)|VY(W,N) € Py, (VW,MeN) e Pg}
and

P} ={(E[—1,E) | ¥(V,M) € Py, (E[V], EoloM) € Qq},
Py={(M,M) | V(E[—],E) € P}, (E[M],E*M) € Q)

where Mealy machines M e N: | — J ® J-®!(B) and E « M: | — J ® JL-®!R are given by:

IR
1(a) (B) LU

It gt

J J

respectively.
Lemma 31. Let A be a type.

(1) If (V,M) € Py, then (V, ax;®!oM) € Py.

(2) IfN "5 W, then (M, M) € By if and only if (N, M) € Py,
(3) If M, M) € Py and M = N, then (M, N) € Pj.
(4) For any closed value V : A — B, (V, J';Q?A—’BD) € Pp_5.

(5) If (M, M;) € Py for probabilistic Mealy machines (Mi)ien_such that Sm, =Su, = -

and
inity, =inity, =--- and v, <M, <---, then (M, N) € Py where the probabilistic Mealy

machine N is given by Sy = Sw,, inity = initw, and tn = \/ ey ™™, Here, the order between

s-finite kernels is given by the pointwise manner.
Proof. Similar to the proof of Lemma 19.
Lemma 32. (Basic Lemma). Let A = (x:41,...,%,:Ay,) be a type environment.

o For any term A =M: A and for any (V;, N;) € Py, fori=1,2,...,n, we have
(M{V1/x1, .. > Vu/%u}, (M) 0 (0N ® - - - ®1oN,,)) € Py.

o For any value A =V : A and for any (V;, N;) € Py, fori=1,2,...,n, we have
(Vv /%15 -5 Va/%u)s (V)y 0 (N1 ® - - - ®oN,)) € Pa.
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Proof. By induction on M and V. Most cases follow from Lemma 31 with some diagrammatic
reasoning. Here, we check the statement for M = score(V), M = sample and V= fixg(f, x, N).

« When M=score(V), it is enough to show that (score(r,),Scor?) is an element of
Pynit for any a€R. To see this, we show that E[skip] =t implies ObSE*(Scorg) <
la| u for each (E,E) in PJ Below, we identify SEx(Scort) with SEo!oidf in the obvious

nit-
Ex(Scor? Eolpid] Ex(Scor? Eoloid]
way. Because to*( Cor“)(*, A)=lalt,° U (%, A) and tl*( cora) _ t° "% we have obsg,(scort) =

la| ObSEo!Oidf' Hence, by induction hypothesis, obsE*(SCOH;) =|a| ObSEo!Oidf <|a| u.

o When M = sample, we show that (sample, Sa) is an element of Ppeay. Let (E, E) be a pair in
P;{eal. Then there is an s-finite kernel #: Rg 1] ~» Sg X Ssa such that

*, 4) > [UBore] olor?
1652 =1 CALEAY Rig 1) ~Ar S X Ssas  h(a, A) = tg Wa, (s€ S | (s, a) € A})

for all a e R and A € Xg; «s,,. (Here, we identified Seolrt with Sg and identified Sg,s; with
Se X Ssa in the obvious way.) We also have

Eolorf

1292 ((s, ), A) =, """ (s, A)

for all s € Sg, a € R[p,;] and A € Xg. Hence,

0bSE.sa(A) = (15452 0 15*59) (x, A) = / (t5*52 6 h)(a, A) da

Rpo,1)

Eolor?  Eolor?
Z/ (££90% o (£ ) 4, A) da
Rpo,1)

:/ obsgy#(A) daf/ k(a, A) da
Ro,1 Ro,1

where k: Ryo 1] ~ R is the s-finite kernel such that E[rZ] =00 k(a, —).
o When V=fixyg(f, x,N), for simplicity, we suppose that V is a closed term. By induction
hypothesis and (2) in Lemma 31, we can check

n

(v, (Ax2. Ny o lo((Ax2. N)y o - - - olp((Ax*. N)y o!oLEA_)BD) ) EPyp

by induction on n. By Lemma 31 and by Proposition 26, we obtain (V, (V)y) € Py_ 5. 0

8.5 Commutativity modulo observational equivalence

Finally, as an application of our Gol semantics, we show commutativity of let-bindings modulo
observational equivalence. For type environments A and A’, and for types A and B, when a context
C[ — ] satisfies A - C[M] : A for any term A’ =M : B, we write C: (A, B) — (A, A).

Definition 33. For terms A+ M,N: A, we say that M is observationally equivalent to N when for
any measure |4 on R and for any context C[ —]: (A, A) — (&, Real), we have C[M] = u if and
only if C[N] = . We write M ~q,s N when M is observationally equivalent to N.

Formally, our goal is to prove that for all terms AF-M: A, AF-N:Band A,x:A,y:BFL:C,we
have

letxbeMin(letybeNinL) ~, s let ybeNin (let xbeMinL).
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Below, we first show commutativity of let-bindings in our Gol semantics based on probabilistic
Mealy machines, and then, we deduce the above observational equivalence using adequacy.

Lemma 34. Foranytermx:Ay,...y:A,M:B, there are s-finite kernels:
ki (N (AT + -+ N x (B) " +1) x Sy~ (N x (A1)™ + -+ + N x (4,) 7 4 1) x Spy
€r: (N (A)* 4+ N x ()" + (B)7) x S
> (Nx (&) 4+ +Nx (A)" +B)") xSpy  (n€N)

and bijections r, s: N — N, which are necessarily measurable isomorphisms, such that the transition
kernel (M) is equal to

(N (A)F +- -+ Nx (A)7) + 1+ N x (B) 7)) x S
i(((, x idﬂAlb* 4+ rx id(]AnD*) + (id; +s % iqul)f)) X idsqMD bid
(N> (A)F 4+ Nx (A)F) + 1+ N x (B)7)) x Sq)

i(g—l)#

(N (A + -+ N (Aa) T 4+1) x Sy + N> (N x (A) T+ -+ N x (A)* 4+ (B) ) x S
ike)@neNln

(N> (A7 4+ Nx (A,)7 4+ 1) x Spup + N x (N x (A)7 4+ +Nx (&,)7 4 (B) ™) x Sgy)
&l#

(N (A)™ 4+ 4+ Nx (8:)7) 4+ 1 + N x (B)F)) x Sgy)
YO xidgayy- 44 xidge)-) + (di 4571 x idggy+)) X idsyy)
(N (A)™ + -+ Nx (4)7) + 1+ Nx (B)F)) x Sy

where g is a measurable isomorphism given by:
g(.> ((.a i@a)) 5)) = ((‘) (21)@‘1)) S)) g(.> ((O, *)a S)) = ((O) (.’ *))’ S)a
(o, (i, (o, j@a), 5)) = ((, (2(i, j) + 1)@a), 5), (o, (i, (0, b), 5)) = ((o, (0, (i, b))), 5)

fori,jeN,ae (M) + -+ (A,)" and b € (B)~; h is a measurable isomorphism given in the same
way.

Proof. By induction on M. Here, we only sketch the proof of the statement for M = V W. The state-
ment for other cases can be derived from induction hypothesis and the definition of (M). When
M = V W, we need case analysis: (1) V = x for some variable x, (2) V= Ax*. N, (3) V= fix¢ ¢ (£, %, N).
For the case (1), the statement follows from some diagrammatic reasoning. For the case (2), the
statement follows from induction hypothesis. For the case (3), for simplicity, we suppose that
n =1 and write A for A;. Then the statement for this case follows from induction hypothesis and
that for any Int-object X and for any probabilistic Mealy machine L: !(A) ®!X — X, there are s-finite
kernels:

Cn: (N X (A)T 4+ X7) x Sy~ (N x (&) 4+ XT) x Sy (neN)

and measurable isomorphisms r: N — N x N and s: N — N such that the transition kernel of

is equal to
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(Nx (A)" +Nx X7) xS,
E('r X idgy+ + s X idy-)*
(NxNx (A)T+NxX") xS
)
Nx (Nx (A)T+X7) xS
$Duen b
Nx (Nx (A)” +XT) xS
{@
(NxNx (A)~+NxXT) xS
E(r_] xidgaye + 571 x idy-)*
(Nx (A)” +Nx Xt) xS,

where the arrows (1) and (2) are s-finite kernels induced by distributivity N x (Y + Z) =N x Y +
N x Z. This decomposition of the transition kernel can be checked by direct calculation. O

Intuitively, it follows from Lemma 34 that for any term x : A+ M: B, the probabilistic Mealy
machine (M) handles tokens along the following thick arrows:

(B) I(B) 1(B) 1(B)
() /\{GMD m 1(a) /\{GMD ST 1(4) \/\{GMD ot ) W "
M ,&J J J

1(8) !(B) !(B)

1(a) /MF 1(A) 1(a) q}mﬁ

and (M) never handles tokens as follows:

1(B) '(B)

From this observation, we can show commutativity of let-bindings in the Gol semantics based on
probabilistic Mealy machines.

Proposition 35. ForalltermsM:A FN:Bandx: A, y:BFL:C, wehave (K) = (K') where
K=1letxbeMinletybeNinlL, K'=letybeNinletxbeMinL.

Proof. We only give an informal proof. Let us describe how the probabilistic Mealy machines (K)
and (K') behave. First, (K) and (K') are diagrammatically presented as follows:

1(c) !(B) '(c)
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As for input tokens from the !(C)-wire, it follows from Lemma 34 that tokens run back and forth
along the following thick wires until they go out from the !(C)-wire:

1(c) !(B) '(c)

Therefore, there is no behavioural difference between (K) and (K’) for any input token from the

1(C)-wire. It remains to check that there is no behavioural difference between (K| and (K') for any

input token from the J-wire. As for input tokens from the J-wire, it follows from Lemma 34 that

tokens first run along the following thick arrows:
1(B) ()

Jt

and after these transitions, tokens run back and forth along the following thick arrows until they
go out from the J*--wire:

(e

Hence, the difference between (K|) and (K') is the first two transitions for input tokens from the
J-wire. There are s-finite kernels k: Sy ~» Sy and h: Sy ~ Sy such that

id{ ® k®id}, id{ ®id}, ®h
1 x Sy x Sy ! SN 1 x Sy x Sy A 1 x Sy x Sy
describes the first two transitions in (K], and
id{®id}, ®h id] ® k®id},
1 x Sy x Sy LAV 1 x Sy x Sy S SN 1 x Sv x Sy

describes the first two transitions in (K’). It follows from commutativity of the tensor product of
s-finite kernels that they are the same. O

Lemma 36. Let A be (x1:A1,...,%,:4y), and let A" be (x| :A],...,x,,:A}). Let B and B’ be
types, and let C[ — ] : (A,B) — (A’,B’) be a context. For terms A+M:B and A+ N:B, if for all
{(Vi, L) € Py }1<i<n> we have

M{V1/x15 ..., V/n}, (N) 0 (IoL1 ® - - - ®loLy)) € Pg,
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then for all {(V), L) € Pa;}1<i<m» we have

(CMUVY /%L, .V /%) (CINT) o (Yol ® - - - ®1L),)) € Pyr.

Proof. By induction on C[—]. To check induction steps, we can use Theorem 25 and
Proposition 26 and some diagrammatic reasoning. O

Proposition 37. Forall terms AFM:A;, AFN:Ayand A,x: A1,y : Ay FL:B, we have
letxbeMinletybeNinL >~y sletybeNinlet xbeMinlL.

Proof. For simplicity, we suppose that A =(z:D). Let C[ —]:(A,B) — ((),Real) be a con-
text, and let u and u’ be the measures such that C[let xbeMinletybeNinL] =, u and
Cllet ybeNinlet xbeMinL] = i/, respectively. We show that u = u’. By Lemma 32, for
any (V,N) € Qp:

(let xbeM{V/z} in let y be N{V/z} in L{V/z}, (let xbe Min let y be N in L)o!oN) € Ps.

For any measure v on R, and for any evaluation context E, it follows from Proposition 37,
Theorem 25 and compositionality of our denotational semantics that

E[let xbeM{V/z} inlet ybe N{V/z} inL{V/z}] = v <
E[let ybe N{V/z} in let x be M{V/z} in L{V/z}] = v.
Hence, by the definition of Pg, we obtain
(let ybe N{V/z} in let x be M{V/z} in L{V/z}, (let xbe Min let y be N in L)o!oN) € Pp.
Then by Lemma 36,
(C[let ybeNinletxbeMinL], (C[let xbeMinlet ybeN inL])) € Preal.
Hence, by Theorem 25, u < u'. We can similarly check 1’ < . O

9. Conclusion

We introduced a denotational semantics for PCFSS, a higher-order functional language with sam-
pling from a uniform continuous distribution and scoring. Following Borgstrém et al. (2016), we
considered two operational semantics, namely a distribution-based operational semantics, which
associates terms with distributions over real numbers, and a sampling-based operational seman-
tics, which associates each term with a weight along every probabilistic branch. Our main results
are adequacy theorems for both kinds of operational semantics. From these theorems, it fol-
lows that sampling-based operational semantics is essentially equivalent to distribution-based
operational semantics. Another consequence of adequacy theorems is the possibility of reason-
ing for observational equivalence of programs diagrammatically. It follows from the observation
in Section 5.3 and the adequacy theorems that diagrammatic equivalence implies observational
equivalence. It would be interesting to explore possible connections between our work and other
works on diagrammatic reasoning for probabilistic computation, such as Cho and Jacobs (2017);
Jacobs et al. (2018).

At this point, our language does not support any normalisation mechanism as a first-class
operator. However, capturing inference algorithms such as the Metropolis—Hastings algorithm
(Hastings 1970; Metropolis et al. 1953), which is structured around a number of interactions
between programs and their environment, seems plausible. Exploring the relationships between
‘idealised’ normalisation mechanisms and such ‘approximating’ normalisation mechanisms from
the point of view of Gol is an interesting topic for future work.
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