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Abstract

The Amalia framework generates lightweight compo-
nents that automate the analysis of operational specifica-
tions and designs [ 16]. A key concept is the step analyzer,
which enables Amalia to automatically tailor high-level
analyses, such as behavior simulation and model checking,
to different specification languages and representations. A
step analyzer uses a new abstraction, called an inference
graph, for theanalysis. It createsand evaluatesan inference
graph on-the-fly during a top-down traversal of a specifi-
cation to deduce the specification’slocal behaviors (called
steps). The nodes of an inference graph directly reify the
rules in an operational semantics, enabling Amalia to au-
tomatically generate a step analyzer from an operational
description of a notation’s semantics. Inference graphs are
a clean abstraction that can be formally defined. The paper
provides a detailed, but informal, introduction to inference
graphs. It uses example specificationswrittenin LoTos for
purposes of illustration.

Keywords Testing, analysis, and verification; Patterns
and frameworks; Formal methods; Lightweight analysis
components; Operational specifications; Automated soft-
ware generators.

1. Introduction

Automated software-engineering environments (ASESs)
create and manipulate representations of specifications, de-
signs, and programs (hereafter called system descriptions).
We recently devel oped a software generator called Amalia?,

INamed after Amalia Freud, the mother of Sigmund Freud, an allusion
to our framework being a “generator” of “analyzers’.
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which generates software that analyzes the behavior of sys-
tem descriptions. Amalia-generated analyzers are packaged
as lightwei ght components, so called becausethey analyze a
system description in memory, without first translating the
description into another representation.? In a companion
paper, we discuss the benefits of lightweight analysis com-
ponents over stand-alone analysis tools [16]. We also show
that analysis algorithms can be made lightweight by imple-
menting the analysis procedureusing the visitor pattern [ 10]
from object-oriented design. A key component in Amalia
isatool called the LWA generator, which generates visitor
objects (called step analyzers) that compute local behaviors
(called steps) by traversing the in-memory representation of
a system description. Our use of visitorsin Amalia repre-
sents a tradeoff of simplicity to achieve efficiency. The cur-
rent paper explores this tradeoff and presents a theoretical
framework we developed to deal with the resulting com-
plexity.

Efficient step analyzers are difficult to generate automat-
icaly. We assume that a system description is formalized
using structural operational semantics [15], according to
which a step is computed by a formal derivation based on
the syntactic structure of the system description. These se-
mantics comprise aset of axiomsand inferencerules, which
form the basis for constructing the formal derivations. A
generator must translate these axioms and rules into a step
analyzer. We require the trandation to be a reification,
which is to say that there must be a coherent implemen-
tation entity associated with each axiom and each inference
rule. In the CENTAUR environment [5], rules are reified
into Horn clauses, and a Prolog engine is employed to per-
form derivations. This solution exploits a powerful mecha-

2This meaning of “light-weight” is not standard. A tool may also be
called light-weight if it operates on small and easy to write specifications.
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nism, unification in Prolog, to simplify generation and syn-
thesis, but at an efficiency cost. In Amalia, the efficiency
constraints are tighter than in CENTAUR: We must reify
rules into an efficient synthesis framework, and we must
use avisitor object to orchestrate the synthesis.

We devised a synthesis framework that uses ideas from
data-flow analysis frameworks [1, Ch. 10]. An inference
graph is a data-flow mechanism that is constructed from a
system description and that, when evaluated, computes the
set of steps for that description. In this framework, nodes
that initiate and transform steps reify axioms and rules, re-
spectively. These nodes are linked together to form a flow
graph, and the graph itself is constructed and evaluated by
avisitor object as a side effect of visiting a system descrip-
tion. Our solution viewsthe synthesis of steps as adata-flow
problem, and the axiom/rule reifications as transfer func-
tions.

Inference graphs enabl e the generation of correct and ef-
ficient step analyzers. We validated the generation claim
by building a generator, which we used to construct step
analyzers for two notations, pure LoTos and linear-time
temporal logic. To establish correctness, we formalized the
flow framework and the reifications of axiomsand inference
rules. (Our treatment here is informal due to space limita-
tions.) Our efficiency claim is based on several optimiza-
tions that we engineered into the design of the reifications.
(See Section 6.) This paper providesa detailed introduction
to inference graphs and explains how a step analyzer cre-
ates and evaluates an inference graph as it visits a system
description.

The remainder of the paper is structured as follows. We
first present necessary background in operational notations
and describe the notations supported by Amalia (Section 2).
We then describe the components that Amalia generates
from an operational description of a notation’s semantics
(Section 3), and explain how a step analyzer assembles
these components into an inference graph while traversing
an AST (Section 4). The steps of a system description are
produced by evaluating the inference graph generated from
the description’s AST (Section 5). We conclude with some
discussion of issues raised by our work (Section 6).

2. Background

Before delving into the details of step analyzers and in-
ference graphs, we recap the key ideas that underlie oper-
ationally defined notations. An operational semantics for-
malizes the notion of a step in an execution of a system.
Amalia currently supports a restricted form of operational
semantics suitable for notations that describe synchroniza-
tion of actions in behaviors of a system, such as LOTOS [4]
Esterel [3], or propositional linear-timetemporal logic[14].
Because many of these ideas are abstract, we use concrete

exampl e specifications written in a subset of the LOTOS no-
tation throughout the paper. We now briefly describe the
LoTOos subset and its operational semantics. We then in-
troduce the assumptions we make about system representa-
tions. Finally, we recast the key ideasin the LOTOS seman-
tics in a more general form, which we use to describe the
design of ageneral step analyzer and to precisely define the
variety of operationa semantics that Amalia supports.

2.1. Lotos subset

LoTosisarichlanguagefor specifying event-driven be-
havior. A LoTOS specification comprises one or more pro-
cesses, each of which is a computational entity whose in-
ternal structure can only be discovered by observing how it
interacts with its environment. Amalia supports all of pure
LoTos, which deals with process synchronization, but not
with data exchange. Due to space limitations, this paper
considersamuch smaller subset of LOTOS. This subset was
chosen to illustrate different types of semantic rules, not to
be representative of the L oTOS notation.

Briefly, a process can perform an action, which is an
atomic event that other processes can observe, and thereby
transform itself into another process. Notationally, we dis-
tinguish place holders for processes using uppercase letters
from the middle of the alphabet (P or Q) and place hold-
ersfor actions using lowercase | etters from the beginning of
the alphabet (a or b). We use multi-letter names to denote
actual processes and actual actions, with the former written
entirely in uppercase and the latter written entirely in lower-
case. One exception is the termination of a process—an ob-
servable action in LoTos—which is denoted by the Greek
letter 6. If P denotes a LOTOS process, astep of P isa pair
(a, P'), where a designates an action that P can perform and
P’ specifies how P is transformed when it performs a. Fol-
lowing convention, we write P—2+P’ to mean (a,P’) is a
possible step of P; in this case, P’ is called a derivative of
P. We refer to P—25P’ as a step assertion.

We will use two primitive L OTOS processes:

EXIT: can be observed only to terminate; doing so causes
it to become the process STOP.

STOP: (aso called “deadlock™) cannot engage in any ac-
tions.

In addition to the two primitive processes, we use three L o-
TOS operators:

Prefix: The process“a prefix P,” denoted a; P, performs a
and then becomes P.

Disable: The process “P disabled by Q,” denoted P [> Q,
behaveslike P unlessit isinterrupted by Q.

Parallel composition: Given a set of actions A, the pro-
cess “P and Q synchronizing on A" denoted P |A| Q,
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[exit]

EXIT-SsSTOP

P-5P, (a#d)
P[>Q-%P [>Q

P-LP, (a=0)
P>Q %P

[disL1]

PP, ag AU}
P|A| QP |A Q

Q-5Q, ag AU {5}
PIA|Q-%PIA|Q

[disL2]

——— — [pref]
a;P—P
Q-5

m [disR]

P-5P, Q-Q, (ac AU{§})A(a=b)
P|A| Q5P Al QY

[parD]

Table 1. Semantic rules for some Lotos operators

behaveslike P and Q running independently except on
actionsfrom A and on termination, when P and Q must
synchronize.

An operational semantics for the LOTOS subset codifies
semantic rules that prescribe how to derive step assertions
for a composite process from the step assertions derivable
from its parts (Table 1). Semantic rules are named for ref-
erence purposes; the names appear in brackets beside the
rules. Step assertionsin the numerator of arule make up the
rule’spremises. A rulewith no premisesis called an axiom;
arulewith asingle premiseis caled asingular rule; and a
rulewith two premisesis called adual rule. Thus, [exit] and
[pref] are axioms, [parD] is a dual rule, and the remaining
rulesin Table 1 are singular rules. We refer to the step in
apremise as a premise step. The numerator of a rule may
also specify aside-condition, i.e., a boolean expression that
must be satisfied for the rule to be applicable. For example,
[disL1] applies only if the premise step, (a, P'), does not
represent termination, asis indicated by the side-condition,
(a#9d).

The denominator of a rule specifies a step assertion,
caled the conclusion, that is inferred using the rule. The
LoTos expression on the left-hand side of the conclusion
is called the subject of the rule, and the step in the conclu-
sion is called the conclusion step.® As a mnemonic device,
the names of our rules indicate the major operator of the
rule's subject and whether the rule is a dua rule (signified
by an ending “D”"), asingular rule whose premise step refers
to the subject’s left operand (signified by an ending “L"), a
singular rule whose premise step refersto the subject’sright
operand (signified by an ending “R”), or an axiom (signi-
fied by the absence of a final uppercase letter). A ruleis
applied by instantiating the place holders in the rule with
processes and actions that satisfy the rule’s premises and
side-condition, if any. The rule then justifies the (instanti-
ated) conclusion.

3The “premise,” “side-condition,’
standard, and the “numerator,”
is borrowed from [2].

and “conclusion” terminology is
“denominator,” and “subject” terminology

We illustrate the application of rules using the following
process definitions, in WhICh ping and ctric are assumed to
denote atomic actions.

= PDCC |[ctrlc]| EDCC
PDCC = PING [> CTRLC
PING = ping;EXIT Q)
CTRLC = ctrlcEXIT
EDCC = EXIT[> CTRLC

We can derive a step for PROC by the following reason-
ing. In [pref], we can instantiate a with ping and P with
EXIT to conclude

PING 2 EXIT @)
Then, we can use (2) and [disL 1] to justify the conclusion

PDCC 2% EXIT[> CTRLC 3)

Finally, (3) and [parL] justify the conclusion

PROC ™ (EXIT[> CTRLC) |[ctric]| EDCC  (4)
By this reasoning, we conclude that PROC can perform the
step (ping, ((EXIT [> CTRLC) |[ctric]| EDCC)).

2.2. System representations supported by Amalia

Amalia assumes that a system is represented by an ab-
stract syntax tree whose structure is governed by a class
model. A class model is a design abstraction that relates
acollection of classes by generalization (or “kind-of”) and
aggregation (or “part-of ") associations. When used to spec-
ify the abstract syntax of a notation, a class model con-
tains: (1) a concrete class for each operator in the notation;
(2) aggregation associations that relate composite classes
to classes that represent their arguments; and (3) abstract

4PDCC” for “ping disabled by ctrl-c” and “EDCC” for “exit disabled
by ctrl-c” For brevity, we use the abbreviations PROC, PDCC, PING,
CTRLC, and EDCC in examples; they must be replaced by their definitions
when applying rules or analyzing a process.
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operands

‘ BinaryProc ‘ ‘StopProc ‘ ‘ ExitProc ‘ ‘ PrefProc‘

‘ DisProc ‘ ‘ ParProc &> - set<Action>
synchronizes

Figure 1. Class model for the Lotos subset

classes that factor and clarify aggregation associations and
provide a most general class. Figure 1 presents a class
model that describes the abstract syntax of our LOTOS sub-
set. LOTOS processes are generalized by the abstract class
LotProc. Concrete classess—ExitProc, StopProc,
PrefProc, DisProc, and ParProc—represent opera-
tors. In the figure, an open arrow signifies generalization
and an open diamond signifies aggregation.

Each operator class must provide a constructor with
which to create instances of the operator, and access meth-
ods with which to retrieve its parts. For brevity, we €elide
these operations in graphical depictions of a class model,
replacing them with the more concise aggregation asso-
ciations. For example, the aggregations action and
operand show that the constructor for PrefProc takes
two arguments, one designating an Action AST and the
other aLot Proc AST. Constructorsfor binary operators—
DisProc and ParProc—taketwo Lot Proc arguments.
Moreover, the constructor for ParProc takes athird argu-
ment, which designates a set of synchronization actions.

Notationally, we use OP to denote a generic operator,
i.e., aconcrete sub-class of the most general AST class, and
OP(X) to denote an OP-valued expression, where X stands
for the (possibly empty) list of arguments passed to the con-
structor of the concrete class associated with OP. We also
distinguish special argumentsto an operator class’ construc-
tor, called operands: An argument X; € X is an operand of
OP(X) if X; is an instance of the most general AST type.
Every operand is an argument, but the converseis not true.
For example, an instance of type PrefProc has asingle
operand, even though its constructor takes two arguments
(the Action argument is not an operand). Consequently,
we refer to prefix as a unary operator. We treat “primitive”
systems, like EXIT and STOP in LOTOS, as nullary opera-
tors. Amalia currently supports nullary, unary, and binary
operators.

An AST is an instance of a class model in the follow-
ing sense: Each node is an instance of a concrete class,
and children correspond to aggregation links that conform
to the class moddl. Figure 2 shows the AST for the Lo-
TOS process PROC, which is defined in (1). Nodes that

Figure 2. Example Abstract Syntax Tree

Axioms: .
Caxiom (X)

OP(X) — Faxiom (X)

[axiom)]

Singular Rules:

Xi—S Csing X, S
— — [sing]
OP(X) — Fsing (X, S)
Dual Rules: _
Xi—S X —$S Caual(X, S1,S)

= — [dual]
OP(X) — Faual (xa S ; Sz)

Figure 3. Semantic rule types

represent operands are drawn as ovals and annotated with
their class names; to simplify the drawing, we use concrete
syntax to depict nodes that represent other arguments (e.g.,
action prefixes and sets of synchronizing actions). We pro-
vide abbreviations (in parentheses beside nodes) to refer to
nodesin our examples.

The current implementation of Amalia assumes that
steps are represented as ordered pairs, but a future version
will alow any type to be used for representing steps (Sec-
tion 6). For thisreason, we place no assumptions on the rep-
resentation of steps, other than that one is defined. If Sde-

notes astep, we write OP(X) — Stosignify that Sisapos-

sible next step of OP(X). We regard the LOTOS step asser-
tion P—2+P’ as an alternative way of writing P —(a, P").

2.3. Semantic rules supported by Amalia

An operational semantics consists of a set of infer-
ence rules, which specify how step assertions of op-
erator expressions are derived from step assertions of
their operands. Amalia currently supports three types
of rules (Figure 3). In these rule types Caxiom(X),
Caing(X,S), and Cyuai(X,Si,S;) are boolean-valued ex-
pressions; Faxiom (X), Fsing(X, S), and Fquai(X, S1, S,) are
step-valued expressions; X is the set of arguments to the
subject expression; S, S;, and S, are premise steps; and
Xi,X; € X are distinct operands of the subject expres-
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sion. We use the constant boolean-valued expression True
in cases where a rule has no side-condition.
For the LoTos rulesin Table 1, we have

Cexit() = True Fexit() = (6, STOP)

Coret(a, P) = True Fpeer(a, P) = (a, P)
CasLi (P, Q (8, P) = (a#9)

Fais1 (P, Q, (8, P) = (& P'[>Q)
Caisie(P, Q, (&, P")) = (a=)
FdisLQ(P, Q, (a, PI)) = (a, PI)

CdisR(P7 Q; (a7 Q’)) = True

Fasr(P, Q, (8, Q) = (& Q)

Coarr.(P, A, Q, (8, P')) = (agAU{d})
FparL(P; A; Q; (a7 PI)) = (aa P’ |A| Q)
CparR(Pa A: Q7 (a7 QI)) = (a g AU {6})
FparR(Pv A7 Q7 (av QI)) = (av P |A| QI)
CparD(P7 A; Q; (a7 PI): (ba Q,)) =

(ac AU{6}) A (a=b)
FparD(Pv A7 Q7 (av PI): (b7 QI)) = (a7 PI |A| QI)

When an operator appears in the subject of multiple
rules, we require that the rules are digoint—that is, at most
one rule can apply to any (instantiated) premise step. This
assumption is justified provided that the premises of differ-
ent rules for the same operator involve different operands
or, if two or more rules involve the same operand, provided
that the side-conditions of these rules are contradictory. For
example, [disL1] and [disR] are digoint because they in-
volve different operands, whereas [disL 1] and [disL2] are
disjoint because their side-conditions are contradictory.®

3. Inference Graphs

An inference graph is created by a step analyzer, for a
particular expression, in order to compute the expression’s
steps. The graph is an acyclic linked object structure whose
objects (nodes) reify axioms and inference rules. It is eval-
uated by firing the nodes with no incoming edge, which
causes a propagation of steps that flow out of nodes, along
edges, and into other nodes, eventually resulting in the prop-
agation of steps to the output of the graph. As a practical
matter, a step analyzer assembles and evaluates an infer-
ence graph on-the-fly, as it traverses an expression's AST
representation. To simplify the presentation, however, this
section explains only the structure of the graph.

Rule instances. The primitive concept in an inference
graph is a class that reifies a semantic rule by providing an

5In practice, we have not encountered any formal notations whose se-
mantic rules violate this assumption. A different formulation of infer-
ence graphs would allow us to relax this assumption, but at a performance

penalty.

operation to smulate firing the rule to infer a step. Amalia
compiles arule named [op], with subject OP(X), into arule
class, denoted RC_op. The constructor for RC_op isinvoked

with the arguments of OP(X) to instantiate a rule instance,

denoted RC_op(X). The distinction is subtle: A rule class
reifiesarule, which can apply to an arbitrary subject OP(X);
aruleinstancereifies an instantiation of arule over apartic-
ular expression.

Constructing a rule instance requires information about
the particular expression. Table 2 shows the rule instances
that a step analyzer creates when it traverses the AST of
Figure 2. The first column indicates the subexpressions
that engender the rule instances. For convenience, we de-
fine abbreviationsfor rule instances that indicate the type of
the rule instance (“A” for “axiom,” “S’ for “singular,” and
“D” for “dual™) and, in the case of singular instances, the
operand that provides the premise step (“L” for “left” and
“R’ for “right”); names are subscripted when necessary to
make them unique.

Expressions Rule instances
PROC S = RC_parL(PDCC, {ctrlc}, EDCC)
S = RC_parR(PDCC, {ctric}, EDCC)
D: = RC_parD(PDCC, {ctric}, EDCC)
PDCC S = RC.disL1(PING,CTRLC,)
S = RC_disL2(PING,CTRLC;)
S = RC_disR(PING, CTRLC,)
PING A; = RC_pref(ping, EXIT;)
CTRLC, Ay = RC_pref(ctric, EXITs)
EDCC S; = RC_disL1(EXIT3, CTRLC;)
S = RC.disL2(EXIT3;, CTRLC,)
S = RC_disR(EXITs, CTRLC»)
EXITs A3 = RC_exit()
CTRLC, Ay = RC_pref(ctric, EXITy)

Table 2. Rule instances

The firing operation expects one step parameter for each
operand that is referenced in the premise of the corre-
sponding rule. A rule instance cannot be fired until the
premise steps required by its firing operation become avail-
able. These premise steps arrive as the result of firing other
rule instances. To formalize this behavior, we view rule in-
stances as components in a data-flow framework. Specifi-
caly, a rule instance provides an input port, or an in-flow,
and up to two special-purpose output ports, designated as
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the exit out-flow and the shunt out-flow (Figure 4 (a-b)).
The exit out-flow is used to forward conclusion steps, when
the premise steps satisfy the corresponding side condition.
Conversely, the shunt out-flow is used when the premise
steps fail to satisfy the side condition. The pseudo-code in
Figure 5 describes the logic of firing a rule instance using
the terminology of Figure 3.6 Shunt out-flows enable daisy
chaining of rule-instances with disjoint side conditions that
apply to the same set of premise steps.

shunt - TN left
exit [~ - - - -~~~ play
exit [~ __ | right
(©

Figure 4. Flow interfaces of (a) axiom in-
stances, (b) singular and dual instances, (c)
s-adaptors, and (d) d-adaptors

e Tofirean axiom instance, RC_axiom(X):
If Caxiom (X) then
send Faxiom (X) to the exit out-flow

e Tofireasingular instance, RC_sing(X):
Receive a premise step Son thein-flow;
If Csing (X, S) then
send Fing (X, S) to the exit out-flow
else
send Sto the shunt out-flow

e Tofireadual instance, RC_dual(X):
Receive apair of premise steps (S;, S;) on thein-flow;
If Cdual(iy Sl, Sg) then
send Faua1(X, S1, S:) to the exit out-flow
else
send (S;, S) to the shunt out-flow

Figure 5. The firing logic of rule instances

Adaptors. Rule instances have well-defined connection
interfaces. Still, they cannot be simply linked together to
form an inference graph. Whereasall ruleinstances, regard-
less of type, propagate a single step along the exit out-flow,
adual instance expects a pair of steps over itsin-flow. This
disparity makesit impossible to connect the exit out-flow of
aruleinstanceto thein-flow of adual ruleinstance. We ad-
dressthis disparity by adapting the firing interface of adual
rule instance to that of asingular rule instance.

An adaptor wraps a rule instance with afiring interface
that expects one step: s-adaptorsare used with singular rule

6Amaliaimplements shunting in C++ using mixins and propagation of
conclusion steps by dereferencing a target parameter, but such details are
beyond the scope of this paper.

instances, which require only a single premise step, and d-
adaptorsare used with dual ruleinstances, which requirean
ordered pair of premise steps (Figure 4 (c—d)). An adaptor
plays steps by sending them to its out-flow. An s-adaptor
plays a premise step immediately upon receiving it, since
singular instances require only a single premise step. How-
ever, ad-adaptor cannot play steps asit receivesthem, since
it receives al steps of the left operand before it receives
any steps of the right operand, and thus it cannot form an
argument for a dual instance until after it has received all
left-operand steps.

A d-adaptor has two modes of operation: recording and
playing modes. While in recording mode, the d-adaptor as-
sumes all incoming steps are left-operand steps; whereas
in playing mode, it assumes that incoming steps are right-
operand steps. In recording mode, the d-adaptor stores in-
coming stepsin alocal buffer. In playing mode, it pairsan
incoming step with each step in this buffer and then mar-
shals each pair to the dual rule instance, one after another.
It switches from recording mode to playing mode on receiv-
ing asignal on the play in-flow.

Inference nodes. Essentialy, the nodes in an inference
graph are either flow initiators or inference nodes.” A flow
initiator consists of an axiom instance that is to be fired,
such asA; in Table 2. Aninference node, on the other hand,
derives and then propagates conclusion steps in reaction to
receiving premise steps. Rule instances and adaptors are
used to assembl e inference nodes.

Theinference nodes for an expression are determined as
follows. The set of non-axiom rule instances for an expres-
sion are partitioned into subsets based on the operand(s)
that supply the premise steps. For example, the three rule
instances for PROC (Table 2) are partitioned into three sin-
gleton subsets, asthe premise stepsfor all rulesare supplied
by different sets of operands. In contrast, the three rule in-
stances for PDCC are partitioned into two subsets—since
the left operand supplies the premise steps for both S5 and
S, these ruleinstances form one subset of the partition and,
since the right operand supplies the premise step for S§, this
latter rule instance forms the other.

An inference node comprises a stack of non-axiom rule
instances, wrapped by an adaptor. In order to produce one
inference node for each subset in the partition, we stack the
rule instances that are contained in the same subset. Stack-
ing entails connecting the shunt out-flow of all but the last
rule instance to the in-flow of the next one and joining all
of the exit out-flows. Such a stack is then fitted with an
adaptor by connecting the adaptor’s out-flow to the in-flow
of the first rule instance in the stack. Figure 6 shows the
dual node for PROC (top) and the singular node for PDCC
that operates on left-operand steps (middle). It also showsa

"There is a third kind of node, called a pivot, which we introduce in
Section 4.

62



shunt node (bottom), which is what we call asingular node
that sends everythingit receivesto its shunt out-flow. Shunt
nodes are needed if an expression engenders a dua node,
but does not produce both a singular node that operates on
left-operand steps and a singular nodethat operateson right-
operand steps. As described below, the singular nodes are
needed to shunt unhandled premise steps to the dual node.

\l

shunt |
NN
exit -

Figure 6. Example inference nodes

@

» I
(© (d)

Figure 7. Layouts of some boxes

4. Assembly of inference graphs

A step analyzer assembles an inference graph by travers-
ing the AST of an expression. The step analyzer isavisitor
class, which means that for each operator OP, it providesa
visitOP method that expectsto be passed an AST whose
root has type OP. The assembly processis arecursive elab-
oration of the inference graph, which requires a correspon-
dence between the inference graph and the operand struc-
ture of an AST. We achieve this correspondence with a con-
cept called a box, which aggregates the flow initiators and

inference nodes engendered by a subexpression and, if the
box includes a dual node, a pivot. A pivot behaves like a
switch. When fired, it causes the dual node to transition
into playing mode.

Boxes. We define a box in terms of its purpose and
its contents. Boxes induce a correspondence between the
operand structure of an expression and the inference graph
that computes the steps of the expression. A box contains
all of the nodes in the graph that share the same exit out-
flow. Additionally, if a box contains a dua node, it also
contains a pivot.

The layout of abox depends on the number and types of
nodes. Figure 7 shows layouts for some typical boxes. Cir-
cles represent the different types of leaf nodes—flow initia-
tors are labeled “A” (because they reify axioms) and pivots
are labeled “P". Rectangles represent inference nodes; the
names of inference nodes follow the naming conventions
for rule instances. An arrow-shaped cut-out represents an
in-flow of a box and an arrow-shaped push-out represents
an out-flow. To reduce clutter, we have not labeled in-flows
and out-flows of inference nodes, distinguishing them in-
stead by notational conventions. Specifically, the in-flows
of a dual node are drawvn with the left in-flow on top, the
play in-flow in the middle, and the right in-flow on the
bottom. The exit out-flow of an inference node is repre-
sented by a dashed line connecting the node to the out-flow
of the box. The shunt out-flow of a node either forwards
premise steps to another node in the same box or connects
to a ground, which just discards its input. In the former
case, the shunt out-flow is shown as a dashed arrow con-
necting the two inference nodes; in the latter case, it (and
the ground) is (are) not shown.

We assemble an operator box, B, for an expression
OP(X) asfollows:

e For each axiominstance, A: Install A asaflow initiator,
joining the out-flow of A to the out-flow of B.

e For asingular node, S; Create an in-flow of B to pro-
vide anin-flow for S; join the exit out-flow of Sto the
out-flow of B; and connect the shunt out-flow of Sas
follows:

— If Soperates on | eft-operand steps and OP(X) en-
genders a dual node D, connect the shunt out-
flow of Sto theleft in-flow of D.

— If S operates on right-operand steps and OP(X)
engenders a dual node D, connect the shunt out-
flow of Sto theright in-flow of D.

— Otherwise, connect the shunt out-flow of Sto a
ground.

e For adua node, D: Connect the left and right in-flows
of D to the shunt out-flows of singular nodes that oper-
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ate on, respectively, |eft- and right-operand steps; con-
nect a pivot to the play in-flow of D; join the exit-
outflow of D to the exit out-flow of B; and ground the
shunt out-flow of D.

For example, the box for PING is assembled as shownin
Figure 7 (&), with aflow initiator (A) that firesthe axiomin-
stance A; . (See Table 2 for definitions of the rule instances.)
The box for PDCC is assembled as shown in Figure 7 (),
with a singular node (S") containing S5 and S, and a sin-
gular node (SR) containing SR. Similarly, the box for PROC
is assembled as shown in Figure 7 (d), with a pivot (P); a
singular node (S+) containing S;; asingular node (S7) con-
taining S§; and adua node (D) containing D .

Putting it all together. Before being used to visit an ex-
pression, a step analyzer is supplied a box in-flow, called a
target, in which to connect the inference graph produced
during the visit. When visiting a composite expression,
a box is created for the root of the expression, and new
step analyzers are instantiated to assemble inference sub-
graphs from the expression’s operands. Prior to visiting
these operands, each new step analyzer is supplied an in-
flow of the box that corresponds to the root of the expres-
sion. This recursive elaboration of the inference graph as a
hierarchy of boxes continues until we visit the leaves of the
composite expression. Each leaf corresponds to a box that
contains only flow initiators.

More specifically, when invoked to visit an expression
OP(X), if this expression is the subject of any semantic
rules, the visitOP method assembles a box B for OP(X),
as previoudly described. Then, for each operand X; € X,
starting with the leftmost operand, if B hasan in-flow | that
operates on steps of X, the visitOP method instantiates
anew StepAnalyzer visitor with target | and invokes a
vigit of X; to generate an inference graph for X; that con-
nectsto B on |. Alternately, if OP(X) is not the subject of
any semantic rules, then it has no steps. In this case, there-
fore, the visitoP method simply returns without assem-
bling an inference graph, as the inference graph for OP(X)
is empty. Note that a step analyzer visits a subexpression
only if someinference node operates on steps of the subex-
pression. Thus, not al subexpressions are necessarily vis-
ited.

For example, the inference graph for PROC contains
seven boxes (Figure 8). Each box is produced by visiting
an object listed in the first column of Table 2. We label in-
ference nodes with the rule instances that they contain. The
visitParProc method of the “root” visitor creates the
root (rightmost) box, which contains a node for the dual
rule instance, D, ; a node for the singular rule instance, S},
that operates on | eft-operand steps; apivot, P, ; and asingu-
lar ruleinstance, SR, that operates on right-operand steps. It
then creates a“child” visitor, passing the in-flow of the sin-
gular node for S: as the target, and invokes avisit of its left

operand, PDCC, by the new visitor. ThevisitDisProc
method of this new visitor creates the box for PDCC, con-
taining nodes for S5 and S5, and also for S§. It then instan-
tiates two additional child visitors and recursively invokes
visits of, first PING, and then CTRLC, ; it passesthe in-flow
of the inference node for S; and S; as the target for the first
of these visitors and the in-flow of the inference node for S}
asthetarget for the other. When the child visitorsall return,
the root visitor proceeds to instantiate another child visitor
and to invoke a visit of the right operand, EDCC; this visit
issimilar to the visit of PDCC by thefirst child visitor.

Figure 8. Inference graph for PROC

5. Evaluation of inference graphs

A step analyzer evaluates the inference graph created
from an expression to compute the steps that the expression
can perform. The graphis evaluated in a sequence of flows,
which is produced by firing flow initiators and pivots, in the
order of their creation. Firing aflow initiator starts a flow;
when this flow terminates, the next flow initiator or pivot is
fired. Firing a pivot switches adual nodeinto playing mode,
which affects the flows produced by firing subsequent flow
initiators. For example, the inference graph in Figure 8 is
evaluated in four flows, produced by firing the nodes on its
left side, from top to bottom. The first flow is produced by
firing A; and the second by firing A,. Then, P; is fired,
switching D, into playing mode. Finaly, the third flow is
produced by firing A3 and the fourth by firing A,. We show
below that the first and last flows propagate steps of PROC
to the out-flow of the inference graph; the other flows ter-
minate without generating any steps of PROC.

Once started, a flow proceeds by sequentialy firing in-
ference nodes, where each node that is fired is enabled by
firing the previous node. A singular node is enabled when
a step propagates to its in-flow. Similarly, a dual node is
enabled when a step propagates to one of its in-flows; how-



ever, in playing mode, adual nodeis aso enabled when no
step is propagated if (1) it has not already played every pair
produced by pairing one of its buffered |eft-operand steps
with its most recently received right-operand step, and (2)
no other node on the path from the dual node to theroot is
enabled. Firing an inference node disablesiit and either en-
ables another inference node or terminates the flow. From
these definitions, it follows that a flow terminates when a
step is not propagated if al dual nodes either arein record-
ing mode or have aready played al the argument pairs that
they can form. A flow aso terminates when a step propa
gates to the out-flow of the inference graph if no dual node
is enabled. We now explain how nodes are fired.

A flow initiator fires the associated axiom instance.
Thus, if the instantiated side-condition is true, it propa-
gates a step; otherwise, it has no effect. For example, firing
A, propagatesthe step (ping, EXIT, ), thereby enabling the
singular node containing S; and S} (Figure 8).

A singular node, S, fires when a premise step propagates
to its in-flow, which is the in-flow of the s-adaptor at the
front of S. The s-adaptor plays the premise step to its out-
flow, which causes the first rule in Sto fire. If the rule's
side-condition is satisfied, this rule instance transforms the
premise step into a conclusion step, which it propagates to
the exit out-flow of S; otherwise, it shunts the step to the
next rule instance in S (Figure 6, middle). This next rule
instance, in turn, will either propagate a conclusion step or
shunt the premise step. If the premise step does not satisfy
the side-conditions of any of the rule instances in S it is
eventually shunted to the shunt out-flow of S, which con-
nects either to a dual node or to a ground. Thus, firing a
singular node, S, produces one of three possible outcomes:

e If someruleinstance in S applies to the premise step,
Sinfers a conclusion step and propagates it to the exit
out-flow

¢ If no rule object in S applies to the premise step and
the shunt out-flow of S connects to the in-flow of a
dual node, S shunts the unhandled premise step to the
dua node.

e If no rule object in S applies to the premise step and
the shunt out-flow of S connectsto a ground, S shunts
the premise step to the ground.

For example, when A, propagates (ping, EXIT,), the
rule instance S; uses it to infer the conclusion step
(ping, (EXIT; [> CTRLC;)). Thislatter step is then prop-
agated to the in-flow of S}, which infers and propagates
(ping, ((EXITy [> CTRLC,) | ctric| EDCC)) to the out-
flow of the inference graph. In both of these cases, arule
instance in asingular node applies. Similarly, in the second
flow, (ctrlc, EXIT,) is propagated first by A, and then by

. Inthis case, however, S; does not apply, and so it shunts
the step to the dual node.

While in recording mode, adual nodeis enabled only by
apremise step that propagatesto itsleft in-flow, whichisthe
in-flow of a d-adaptor. In this case, the d-adaptor adds the
premise step to itslocal buffer of left-operand steps; it must
wait for right-operand steps to pair with the buffered steps.
Thus, a dual node does not propagate a step when fired in
recording mode. For example, the dual node in Figure 8
buffers the left-operand step (ctric, EXIT,) that is shunted
by S}, terminating the second flow.

While in playing mode, a dual node, D, may be en-
abled by a step that propagates to its right in-flow or by
an inference node that does not propagate a step (under the
circumstances discussed previoudly). If enabled by a step
that propagates to its right-inflow and if the buffer of left-
operand steps in its d-adaptor is empty, D does not prop-
agate a step. Otherwise, the d-adaptor forms an argument
pair that has yet to be played through the stack of dual rule
instances in D and it plays the new pair. This pair flows
through the stack in D like a single-step argument flows
through a stack of singular ruleinstancesin asingular node.
By construction, the shunt out-flow of D is grounded. Thus,
if someruleinstancein D appliesto the pair, D propagatesa
conclusion step to its out-flow; otherwise, it does not prop-
agate a step. For example, in the third flow produced by the
inference graph of Figure 8, (4, EXIT) is propagated by A3,
shunted by S}, propagated by St, and shunted by SR. The
dual node then pairs the stored step with this latter step and
playsit to Dy, which shuntsthe pair to aground. Similarly,
in the fourth flow, (ctric, EXIT,) is propagated by A, and
S, shunted by S}, and paired with the stored step; then the
pair is played to D;. Thistime, however, D, infersthe step
(ctrle, (EXITy |ctrlc| EXITy)), and propagatesit to thein-
ference graph’s out-flow.

As noted previoudly, a step analyzer does not sequen-
tially generate and then evaluate an inference graph; rather,
it dynamically builds and evaluates the graph on-the-fly, as
it visits an AST. On-the-fly evaluation is possible because a
subexpression’s inference graph is no longer needed when
the visit of the subexpression returns. Thus, at any point
during analysis of an expression, the inference graph con-
tains boxes for only those subexpressions that are currently
being visited. For example, while EXIT; of PROC is being
visited, the inference graph contains boxes for only EXIT,
PING, PDCC, and PROC. When the visits of EXIT; and
PING return, their boxes are deallocated, so that, while
EXIT, is being visited, the inference graph contains boxes
for only EXIT,, CTRLC,, PDCC, and PROC.
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6. Discussion

A step analyzer comprises onelevel of an Amaliagener-
ated framework. The next level uses step analyzers to cre-
ate labeled transition systems—a common abstraction used
to reason about behavior. Other types of analyses, such
as model checking, can be similarly refined down to op-
erations on ASTs by layering them on labeled transitions
systems. By this technique, Amalia’s step analyzers alow
higher-level verification tools to be packaged as lightweight
components [16]. In this section, we discuss some issues
raised by this work and mention some on-going research.

6.1. Efficiency

The ability to operate directly on ASTs alows a
lightweight component to be moreefficiently integrated into
alarger environment than a stand-alonetool. It forestallsthe
need to transform ASTs, which is a common internal form
used in software engineering environments, into aform suit-
ablefor processing by an external analysistool and to parse
and interpret the output of the tool for processing by other
tools in the environment. Such trandlations exchange a lot
of data through input/output streams and complicate the ar-
chitecture of a software engineering environment. More-
over, astand-alonetool must either beinvoked as a separate
process while other tools wait or be running all the time on
adedicated server.

Our earlier research used a step analyzer for LoTOS
that did not build an inference graph, but synthesized steps
for an expression in a strictly bottom-up fashion. Briefly,
when visiting a composite expression, it invoked visits of
all subexpressions that needed to supply premise steps and
stored the premise steps in local buffers. It then iterated
through these buffers, instantiating rules with premise steps
to infer steps of the composite expression. While conceptu-
ally simple, this bottom-up approach creates ancillary data
structures, which are used once and then destroyed. In con-
trast, an inference graph is created and evaluated on-the-fly
in ademand-drivenfashion. Only dual nodes buffer premise
steps, and they buffer only those premise steps of their left
operandsthat are not handled by a singular node.

6.2. Correctness

For efficiency, a bottom-up step analyzer must interleave
knowledge about different rules for an operator with cus-
tom algorithms that manipulate the data structures contain-
ing the premise steps. This interleaving obscures the infer-
encing logic and makes it difficult to reason about whether
the step analyzer is correct. Moreover, much of the logic of
an algorithm for automatically generating bottom-up step
analyzers would entail checking semantic rules for special

properties in order to determine how to optimize the ana-
lyzer. It would be difficult to prove (or even rigorously ar-
gue) that the generation algorithm was correct. Another av-
enue to explore for acheiving efficiency without sacrificing
transparency is to use aspect-oriented programming [12] or
aspectual components [13] to weave the evaluation of rules
into custom algorithms that mani pul ate data structures con-
taining the premise steps. These approachesfacilitate trans-
parency but lack a formal basis in which to prove correct-
Ness.

Our formalization of inference graphsallows a proof that
this abstraction is consistent with an operational semantics
and also allows reasoning about specific inference graphs
to justify some optimizations that Amalia performs. Intu-
itively, we regard a well-formed inference graph as denot-
ing a sequence of steps, which models the steps produced
on the graph’s out-flow during evaluation. This sequence
is defined compositionally, in terms of the sequences de-
noted by the inference sub-graphsthat supply premise steps
to the root node of an inference graph. Provided that the
nodes of an inference graph reify certain semantic rules, an
induction argument can show that an inference graph pro-
duces a step if and only if the step is derivable, where the
induction is performed on the length of a derivation. Pre-
cise definitions for what it means for an inference graph to
be well-formed and for nodesto reify rules are based on our
classification of semantic rules (Figure 3). In on-going re-
search, we are using transformati on techniquesto show that
Amalia-generated step analyzers produce inference graphs
that are well-formed and that reify the necessary semantic
rules.

6.3. Automated analyzer generators

Other researchers have looked at automatically generat-
ing analyzers from formal-semantics descriptions. For ex-
ample, CENTAUR [5] maps specifications in natural se-
mantics into Horn clauses in Prolog. Another example is
SPARE [17], which synthesizes analysis algorithms from
denotational -semantic specifications. However, these gen-
erators produce stand-al one analysis tools; additionally, the
CENTAUR environment requires an online Prolog engine
in order to run.

The Concurrency Workbench of North Carolina (CWB-
NC) is a powerful toolkit for analyzing operational specifi-
cations [7]. It provides a Process Algebra Compiler (PAC)
to enable use of the CWB-NC with different design nota-
tions. Like Amalia, the PAC takes as input definitions of
a notation’s abstract syntax and operational semantics (as
SOS rules). From these definitions, the PAC generates se-
mantic routines (the main routine being a step analyzer) that
auser can insert into the CWB-NC. Thus, whereas Amalia
automatically tailors high-level analyses directly to an ab-
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stract syntax, the PAC generates a front end that interfaces
with the CWB-NC.

Finally, many general-purpose theorem provers, e.g., Is-
abelle [11] and HOL [6], allow inference rulesto be repre-
sented declaratively. In particular, a framework developed
by Day and Joyce [9] uses an embedding of a notation’s se-
mantics in HOL to define how a specification determines
a “model,” a HOL type by which the framework formal-
izes a next-step relation. Of course, theorem provers are
themselves heavy-weight tools. The framework, however,
uses symbolic functional evaluation to allow certain analy-
ses (e.g., consistency and compl eteness checking and model
checking) without using a theorem prover [8].

6.4. Validation studies

We have validated Amalia using a prototype implemen-
tation, written in C++. This prototype was used to build
lightweight analyzers for two notations, pure LOTOS and
linear-timetemporal logic; the latter case study is described
in [16]. Step anayzers for the notations were automati-
cally generated from semantic rules and used to refine two
higher level analysis components. Two additional case stud-
ies are in progress to validate extended prototypes, which
will generate the equivalent of step analyzers for more gen-
era relations. The first prototype will be used to generate
alightweight analyzer that determines the free variablesin
a program from an inductive definition of the free-variable
relation. The second will be used to generate a lightweight
tool that analyzes programs to determine potential commu-
nication patterns. The step analyzers generated by this pro-
totype will simultaneously derive steps for multiple inter-
related relations. These new prototypes will generalize the
notion of a“step” for an inductively defined relation.
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