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Abstract tractable ways to scale retrieval up to larger component li-
braries.

Deductive retrieval and deductive synthesis are two con-  In this paper we investigate the integration of a deductive
ceptually closely related software development methodsretrieval system into a deductive synthesis framework in or-
which apply theorem proving techniques to support the con-der to maximize the advantages of both approaches. We
struction of correct programs. In this paper, we describe an present our ideas in the context of deductive tableaus re-
integration of both methods which combines their comple- interpreted in higher-order logic as in [2, 3]. Such higher-
mentary benefits and alleviates some of their drawbacks. order frameworks are well-suited for the creative aspects

The core of our integration is an algorithm which au- of deductive synthesis. They give the designer full control
tomatically extracts queries from the synthesis proof state over the emerging system structure as program fragments
and submits them to a specialized retrieval system. Re-yetto be synthesized are represented by meta-variables, i.e.,
trieved components are then used to close open subgoalsvithin the logic itself and not by any extra-logical con-
in the proof. We use a higher-order framework for synthesis structs. Implementations are typically built on top of in-
in which higher-order meta-variables are used to represent teractive proof environments which automate the tedious
program fragments still to be synthesized. Hence, the intro- bookkeeping tasks. Attempts are being made at full automa-
duction of a new meta-variable is an attempt to synthesize ation (e.g., [1]) but this is an elusive goal.
new fragment and so highlights a possible reuse step. This The main technical idea of our integration is to extract re-

observation allows us to invoke retrieval only aftesab- trieval queries in the form of pre-/postcondition pairs auto-
stantial changeather than at every proof step and prevents matically from the synthesis proof statthenever it changes
overloading the retrieval mechanism. substantially These queries are used to retrieve library

Our integration raises the granularity level of synthesis components which are then “plugged into” the proof state
by avoiding a substantial number of proof steps. It also pro- by instantiating meta-variables. The result is an interactive
vides a framework for adapting “near-miss” components in system further augmented with automated procedures. The
the case that an exact match cannot be retrieved. user still controls the synthesis process and the automated

retrieval process kicks in only in promising situations.
An integrated system provides great potential for allevi-
1. Introduction ating drawbacks of the individual approaches. Pure synthe-
sis systems, especially those based on general proof tech-
nigues such as deductive tableaus [11], do not scale up well,

Deductive synthesis and deductive retrieval are two com-
as for example observed by [8]:

plementary yet contrasting approaches to formal software
development. Deductive synthesis starts with aformal spec-  «The main problem of general approaches to pro-
ification and uses a theorem prover to derive new pro- gram synthesis is that they force the synthesis sys-

grams from this specification. In its general form, it is a tem to derive an algorithm almost from scratch...”
decomposition-based, top-down approach oriented towards

creative system design. Deductive retrieval is the appli- An integrated, dedicated retrieval subsystem effectively
cation of theorem provers to find existing components for allows synthesis to bottom-out in previously synthesized
specifications. As such, it is a composition-based, bottom-components instead of the built-in operators of the language
up approach and works with entities of smaller scale such asonly and thus helps to raise the level of granularity. Pure
components or functions. Recently, retrieval systems suchretrieval systems, on the other hand, face problems if no
as NORA/HAMMR [18] and REBOUND [17] have shown  matching components can be retrieved for a given query. In



an integrated system, further synthesis steps can be appliethe only goal row contains the skolemized input specifica-
to provide a more detailed query, or to adapt retrieved buttion Vz3z - Q[z, z]; this is also the only row containing an

not perfectly matching components. output entry. All remaining rows are assertion rows; they
This potential can, however, be realized only if two crit- contain the axiomsly, ... , A, of the domain theory.
ical assumptions are mefi) the retrieval subsystem actu- Subsequent proof steps change the tableau or extend it

ally saves proof effort ani) the synthesis subsystem does by new rows. The main proof rule is non-clausal resolu-
not generate (too many) useless queries. In our case, théon [11, 14] which is similar to a case analysis in an infor-
first assumption holds by construction as we utilize special- mal development and which accounts for the introduction of
ized, highly tuned retrieval systems which work fully auto- conditional terms in the program. Non-clausal resolution is
matically, retrieving on average more than 85% of the rele- used in several alternative versions; thé&-version shown
vant components in a realistic amount of time. The secondhere resolves two goal rows with two unifiable quantifier-
assumption is more difficult to achieve as many proof stepsfree subexpressiord andP’.

in program synthesis are mere bookkeeping steps which

do not change the proof state substantially. Hence, invok- G:[P] §
ing the retrieval subsystem after each step would overload Ga[P'] ¢

it with an excessive number of equivalent queries. In the G, 0[false/P] || if PO
higher-order framework, a substantial change amounts to A then t6
the introduction of a new meta-variable, a condition which G20[true/P'] || else s6

can easily be checked automatically. This observation al-

lows us to invoke retrieval only when appropriate. The resolvent is a new goal row. Its goal is a conjunction

of both original goals under the image of the unifieaf-
ter replacing all occurrences @&f (P') by false (true); its

2. Recast of the basic technology output term is arif-then-else -statement with the uni-
_ _ fied subexpressioff as guard and the two original output
2.1. Deductive synthesis termstf andsf as branches. The other versions are similar.

The calculus also includes rules for simplification and split-
Deductive program synthesis is based on the Curry-ting of assumptions and goals, skolemization, handling of
Howard isomorphism [7] or “proofs-as-programs™ equivalences and equalities, and a well-founded induction
paradigm which asserts that a constructive proof of arule to introduce recursion.
specification is equivalent to a functional program which ~ The proof process is complete if the tableau contains a
is correct with respect to this specification. A variety of final row
different approaches has been investigated (cf. [8] for an

overview). Here, we briefly describe the approaches by | | true [| ¢ |
Manna/Waldinger and Ayari/Basin which are the basis of or, by duality,
our work.

| false | [t ]

2.1.1. Deductive tableaus in classical first-order logics.
Manna and Waldinger [12] have argued that it is “too con-
straining to carry out the entire proofin a constructive logic”
and, moreover, that it is sufficient to restrict a proof in clas-
sical logic to be constructive only when necessary. They ) ] ] o
also developed a first-order synthesis methodology which?-1-2- Re-interpretation of deductive tableaus in higher-
uses a two-dimensional structure calledealuctive tableau  ©rder logics.  Ayari and Basin [3] have pointed out that
to represent a proof state. Fhe original version pf QeQUctlve tgbleaus suffers from some
Each row in the tableau contains a single sentence, eithefnherent technical limitations. Since proofs in the deduc-
as an assertion or as a goal, and one or more optional outpu‘ﬂve tablgaus calculu; are sequences rather than trees, rules
terms which represent the program under construction. Inthat split a tableau into multiple sub-tableaus are not al-

provided that the output termhis ground and built up en-
tirely from primitive (i.e., executable) function symbols;
can then be extracted as the final program.

the initial tableau lowed and must be.encoded using npn—clausal resqlution.
Non-clausal resolution, however, while acceptable in an

| assertiong  goals [ f(a) | automated prover, is particularly unfriendly in an interac-

Qla, f(a)] z tive context. Finally, the induction rule must be used in a

Ay bottom-up way and the use of a first-order logic means that

e reasoning about well-foundedness is not possible, so that
A, termination proofs must preceed induction.




To overcome these limitations, Ayari and Basin use a 2.2. Deductive retrieval
higher-order logic as implemented in trEABELLE-System

[15]. 1IsABELLE provides a meta-logic in which object log- The purpose of software component retrieval in gen-
ics may be encoded. Universal quantification and implica- eral is to identify and locate potentially reusable candidates
tion of the meta-logic are represented fyand =, re- within a component library. This is a core task in soft-
spectively; iterated implicatiod — (B = () is ab- ware reuse: after all, components have to be found be-
breviated by] A; B] = C. Higher-order logic is encoded fore they can be reused. A wide variety of different re-
by formalizing connectives like of typebool x bool — trieval approaches has been investigated (cf. [13] for an
bool andV of type(a — bool) — bool, wherex is a type overview); the approaches differ substantially in which
variable ranging over alioL types. facet of a software component (e.g., documentation, syn-

[3] describes the development of some synthesis proofstactic structure, execution examples) they use for retrieval
using higher-order logic. Rather than transforming the orig- and, consequently, in the mechanism to establish potential
inal specification into a tableau they directly operate on the reusability.
proof state However, only deductive retrieval can expleitact se-

AL A AA, — SPEC .mant.icinformatio.n specific to the components. The basic
idea is as follows:

) [Hi 0 i Hiw] = G
. 1. Each componentis associated with eontract a for-
' mal specification which captures the relevant compo-
m) [Hmy o iHmn, ] = Om nent behavior in the form of pre- and postconditions,
where the existential variables are replaced by higher-order e.g.,
meta-variablesl; acting as place-holders for program frag- run (L list) 1 : list
ments! The tableau rows are replaced by the open sub- pre true
goals. Each subgoal still has a single conseqyge(ite., post 31’ : list -1 =1~ I' A ord(r)

goal in Manna/Waldinger’s terminology) but may at the o .
same time have an arbitrary number of hypotheses (or as-  t© po;npute an ordered initial subsegment (i.e., run) of
sertions)H; which may include fragmentd,;. alist:

Non-clausal resolution is replaced by higher-order reso- 5 cgniracts also serve as queries.g.,

lution which is applicable to two meta-formulae proper-segment (1: list) r - list

[¢15...5¢9m] = ¥ pre | #[]
[¢15-. 500] = ¢ post 31y, 1 : list -

where ¢ higher-order unifies with);. The result for the P=hmrm b AL # [V R A
unifierf is the new subgoal (i.e., row) can be used to retrieve any function which returns an
[916; ... ;0105 010;. .. ;00000165 ;hmb] = V8 arbitrary continuous proper sublist of the argument.

This gives us a natural way to carry out program syn-
thesis in a way consistent with the Deductive Tableau
method. Proof development proceeds top-down since it
starts with the antecedents, but the presence of the shared4. A candidate qualifies if and only if the validity of the

meta-variables introduces an element of bottom-up devel- associated task can be established, usually using an au-

opment. tomated theorem prover.
The use of higher-order logic means that termination

proofs are also possible within the framework. This is done HeéNce, the approach retrieves proven maiches only. The

3. For each possible candidate in the library, a proof task
is constructed comprising the respective pre- and post-
conditions.

via the following rule for well-founded induction: exact nature of component reuse is determined by the exact
form of the proof tasks. The most common fornpisig-in
[Vz-(Vy-(y,z) € r = P(y)) = P(z) ;wf(r)] compatibility
= Vz - P(z)

Note that the decision as to which well-founded relation (pre, = pre.) A (pre, A post, — post,) @
is to be used may be delayed until later on in the proef if which supports black box reuse—retrieved components
is a meta-variable. Only whenis instantiated it must be  may be reused “as is”, without further proviso or modifi-
shown thatwf () holds. cation. Other task variants support white box reuse but then

1The use of meta-variables to delay the choice of existential witnesses 2™ denotes list concatenatiof],the empty list[4] a singleton list with
is also known as middle-out reasoning, a term coined by Alan Bundy. item 7 andord is a user-defined predicate.



manual checks or code modifications are required in order Clearly, the postcondition dfsearchsatisfies the specifi-

to guarantee the applicability of the retrieved components. cation forfind but the precondition does not hold. However,
The main problem in deductive retrieval is the large num- bsearchcan still be retrieved by using the weaker match

ber of emerging proof tasks. Naive generate-and-prove im-conditional compatibility

plementations drown any prover, but recent efforts show

how to circumvent this problem [18, 17, 5]. We assume (prevsearch A POStysearch) = POstfind

that our integrated tool uses a retrieval system such asrps telis us thabsearchis a partial solution to the problem.
NORA/HAMMR [18] in which a pipeline of filters of increas- 14 gptain a complete solution, we need a sorter which is
ing deductive strength are used to prune away proof taskspen composed withsearch This is captured formally by
associated with non-matching components whilst maintain-deﬁnmg a composition architecture, composing two com-

ing a balance_between fast response and high prec_ision. EXponents?A and?B sequentially into a composite system
perimental evidence shows that this makes the retrieval task; -

tractable.
?Cm (CC) — ?Am (CC)

3. Benefits of integration ?Cin()AN? Aout (T, Y)A?Bout (y,2)  —  ?Cout(w, 2)
?Ain(m)A?Aout(xv y) — ?an(y>

Pure componentretrieval is based on the assumptiontha% instantiating? B with b h ification for th
the library already contains solutions to the query. In gen- y Instantiating“- with bsearchy a specification for the

eral, however, this assumption is not true. Componentsmissmg sorter can be obtained. At this point [16] could

usually need to be modified before they satisfy the queryf""'l_If there is no sorter in the I'braw’ then thg system

specification [16]. Suppose that a queéhhas no matching cannot be completgd. It may be possible to retrieve near-

components in the library but that a partial soluti@rcan matches once agan and rep(_eat the.process, but there is no

be retrieved if we relax the matching requirements, e.g., bygu\a/\rlantee that tr]['r? p;rocezs will tﬁrmmatttg. d th

dropping preconditions. The problem then is how to adapt = Propose finat oncesearcnis retrieved, the user

C to a complete solution. s_hould begin to derlve the sorter using deductive synthe-
Penix [16] describes an adaptation framework in which sis rather than relying on further retrieval steps. In our

software architectures [6] are used to addpp satisfyQ framework, the use of the compositional architecture cor-

S . . ial i iati ? =
by building a wrapper around' or composingC with an- responds to a partial instantiation 8, ?F(c,k) =

other component). A limitation of this framework is that ~ 2s€arch(?5(c), k) where?S is a meta-variable represent-
it is based entirely upon retrievalD must also be avail- "9 the sorter. Note that there are two design decisions to
able in the library. If this is not the case, there could be a be made here. First, the exact instantiatior? 61 needs

potentially infinite number of iterations to search for new user interaction to specify, for example,.whlch parameters
componentsp, D', D" . ... 7S takes. Second, the user must (as with [16]) choose an

By integrating deductive synthesis into this framework, archltecFure. To extract a specification fof V.V'thm thg
the user could invoke a sequence of synthesis steps to carrzyntheSIS frarngwork, there mugt be a pre-defined tactic that
out the adaptation. Indeed, it may be that after a small num- ses the definition o_f the arphﬂectgre as a Iemma and in-
ber of such steps, the specification is refined to the pointVOk(.ES theorem proving tactics as in [16]. Applying such
where library components match against it. We illustrate tactics would result in the following proof subgoal:
this process on an example taken from [16, p. 94]. bsearch(?S(c), k).key = k A bsearch(?S(c), k) € ¢

The task is to construct a functiéind which given a list A perm(e,?S(c)) A rec_ord(?S(c))
of records and a natural number will return a record whose e - '

keyfield has the integer as its value. A problem specification  The last two conjuncts give a specification for the sorter

for find is as follows: (where perm is introduced by resolving against a back-
] ) ) ground theory) and can be used to synthesize various sort-
Ve:ree-list,k:N-7F(c,k) € ¢ AN7F (¢, k).key = k ing algorithms. We show how to synthesigaicksortin

the next section. In fact, our presentation there shows how
to make further use of a component library during synthe-
sis by retrieving auxiliary functions used in the definition

where? F' is a higher-order meta-variable. Suppose that our
library contains the binary search component:

bsearch (1 : rec-list, k : N) r : rec of quicksort This example shows how to combine deduc-
pre rec_ord(l) tive synthesis and retrieval in the context of software ar-
postr el A r.key =Fk chitectures. This combination alleviates the drawbacks of

whererec_ord is the usual list ordering predicate special- retrieval (what to do if nothing is retrieved?) and synthesis
ized to lists of records. (how to raise the level of granularity of synthesis?).



the standard specificatidn

perm([],[])
permiy,b) >z €h <z el Vi - perm(l,?S1)) A ord(?S1))
perr‘r(l{‘l% tlth) — perr‘r‘(l{‘[a]"lm t{‘[a]”tg)
ord([]) of a generic sorting program over a background theory com-
ord([a]) prisingpermandord as specified in Figure 1. Following [3],
ord(a::b::0) < (a < b) A ord(b::1) the initial ISABELLE proof state is:

X ) -perm(l,?S1)) A ord(?91))
minl(a, b ::l) < a < b Aminl(a, ).

- 1. . ? ?
max(a, [ ]). A = VI -perm(l,?S1)) A ord(?S1))
maxla,b ::1) <+ a > b Amaxl(a,l). Here, and in the general framework of [3], there are in fact
two kinds of meta-variables:
Figure 1. Background theory (cf. [10, 3]) ¢ Accumulator variables such aswhich range over for-

mulas and hold a possibly incomplete definition of a
synthesized function.
4. Extracting queries from synthesis proofs
e Proper meta-variables such as which range over
lambda terms and represent a part of the output of the
In this section we describe how we integrate deductive desired program. Only such meta-variables are rele-
component retrieval into deductive program synthesis. We vant in retrieval. Henceforth, any references to meta-
assume that synthesis is done interactively in the typed, variables exclude accumulator variables.
higher-order framework of [3] and that retrieval is done au-
tomatically. The synthesis steps still drive the integrated de- For clarity of explanation, we present the query extraction
velopment process—the user applies inference rules or tac@lgorithm in several stages. Each stage makes a number of
tics in the normal way: retrieval steps are invoked either au- 8ssumptions about the current proof state; some of these
tomatically, whenever it seems promising, or interactively, a8ssumptions will be removed or further explained as we
i.e., under explicit user control. The user may choose anyProgress. Suppose that the current proof state comprises
subset of the retrieved components and use them to clos@Pen subgoals; and that we want to retrieve code for each
subgoals. If there are still open subgoals left, he has to goof theim meta-variable8M;;, 1 < j < in, in S;.* Thenthe
on with the application of further tactics and the process re- 8ssumptions are as follows:
peats. If no components can be retrieved, the user re-gains

. : : . 1. For each, j, all occurrences of M;. appear in conse-
control immediately and continues with the proof process. J i; 8PP

guents of the open subgoals. This restriction will not

Note that the integration can only be semi-automatic  pe |ifted in this paper because a meta-variable which
even if retrieval works fully automatically. Integrating re- occurs both in the antecedent and consequent of a sub-
trieved components involves a number of major design de- goal induces a recursive query specification.

cisions that must be resolved by the user. These are high-
lighted in the following text. Even so, there is great po- 2. For eachi,j, all applications of?M; are identical

tential for retrieval to bypass many theorem proving steps. (moduloa-conversion on the meta-level), i.e., for each
Auxiliary function synthesis may require proofs that are as occurrence of’M;;, the parameters ofM; are the
or more complicated than the top-level function synthesis. same. This restriction will not be lifted in this paper
This effort can be eliminated almost totally by integrating due to space restrictions.

deductive retrieval.

The core of our integration is an algorithm which auto-
matically extracts retrieval queries from the synthesis proof
state. Each meta-variable in the proof state represents a
program fragment which must either be synthesized or can
alternatively be retrieved. Hence, each time a new meta- 4. There is only a single meta-variable in each subgoal,
variable is introduced, there are further possibilities for re- i.e., for eachi, M is a singleton. This restriction will
trieval and so we extract @re, posj-condition specifica- be lifted in Section 4.3 below.
tion which is then submitted to the retrieval system. _ _

3We omit types for sake of clarity.

Inthe fOI|OWing we W”I illustrate the \./a.rioys steps in the 4Note that there may be other meta-variables in the proof for which we
guery extraction algorithm by synthesiziagicksortfrom do not wish to retrieve code.

3. There is no meta-variable that appears in more than
one open goal, i.e., the setf’ = {TM;;:1 < j <'ip}
are disjoint forl < i < n. This restriction will be
lifted in Section 4.4 below.




5. For eachi, j, all occurrences of M;; are simple, i.e., query (1 : list) r : list
all its arguments are distinct object-level variables.

This restriction will be lifted in Section 4.2 below. The third step is to derive the query precondition from

i ] _the subgoal antecedent. The strongest possible precondi-
The basic steps of the algorithm, however, are the same injon is the conjunction over the entire list of hypotheses.

all cases. However, some of them may be unfit or irrelevant for re-
1. Unskolemize all occurrences of the selected meta-trieval purposes. We thus eliminate accumulator variables,
variable(sy M. literals which contain meta-variables other than the meta-
. variable involved in retrieval, and literals which contain no
2. Form a header for the retrieval query. free occurrences of the input variables. Hypothesis elimina-
3. Derive the query precondition from the antecedent of tion is pragmatically motivated but semantically justified by
the subgoal(sy. theweakening rulé A = C) = ([ A; B] = C) which

) N is a theorem ofSABELLE’s meta-logic. In the example, hy-
4. Derive the query postcondition from the consequent of pothesis elimination leaves= [ ] as the only (but already
the subgoal(sy. rather strong) precondition.
5. Search the component library. Due to the unskolemization step, the subgoal’s conse-
guent essentially forms the first-order postcondition of the

6. Instantiate’ M in the proof state. query. Only some minor “cosmetic” modifications are still

We illustrate these steps using tpgicksortexample. required. We drop all (universal meta-level) quantifiers of
the input variables and the existential object-level quantifier
4.1. The base algorithm introduced by unskolemization. In the example, the post-

condition is therefore
In this section we tackle the case in which all of our
assumptions hold, i.e., there is a single meta-variable con- pern(l, ) A ord(r)
fined to simple identical occurrences in a single open goal.

Following [3], the initial proof state is refined to the one The variables do not remain free, however; they are rebound

given in Figure 2. This new proof state is obtained by yniversally during the construction of the proof task.
applying induction on the well-founded orderii@, fol- The complete query is now

lowed by a case analysis dn The induction rule instanti-

ates the original meta-variab®Swith the partial definition query (I : list) r : list
for gsort and introduces a new accumulator variadlg pre | =[]
this is recorded in the binding for the accumulator variable post pern(l, r) A ord(r)

A. The case analysis introduces two new meta-variablesyhich can be submitted to the retrieval subsystem. Let
?T and?F which automatically triggers the query extrac- ys assume that our library contains two components which
tion algorithm. However, only 7' satisfies all assumptions.  construct and copy lists, respectively. These components
We thus select the first subgoal to further illustrate the algo- may involve any non-trivial amount of administrative over-

rithm. o ) ) S head (e.g., memory management) but we further assume
The initial algorithm step is unskolemization, i.e., the that their specifications

meta-variable applicationT'(!) is replaced by an existen-
tially quantified object-level variable. The consequent of
the first subgoal then becomes

Ar : list - perm(l, r) A ord(r)

list :: constructor () r' : list
pre true
post r' =[]

and
This step reverts the initial introduction of the meta-
variables which can be considered as skolemization; it also
introduces a name by which the component’s result can be
referenced within the first-order query.

The query header is easy to form. We just combine anonly reflect their basic functionalities. Let us also assume
arbitrary name for the component with the input variables that both components passed the early filter mechanisms
and the output variable obtained by unskolemization. If the of the retrieval system. The final retrieval step is an “all-
occurrence of the meta-variable is simple, its arguments areout match”, i.e., an attempt to prove that the components
precisely the input variables for the query. The types of the actually satisfy the query. The full proof task consists of
variables are easily obtained from the current proof state.(1) along with parameter quantification and identification.
The query header for our example is: Hence, the proof tasks fdist :: constructor and copy are

copy (I' : list) r' : list
pre true
post ' =1’



Vi qsort(l) = if [ =[] then ?T(I) else 7F(hd(l),t1(l)) A Ay
— V1 - perm(l,gsort(l)) A ord(gsort(l))
1. Al-[Vt-(t,1) €?R — perm(t,qsort(t)) Aord(gsort(t)); Ai; 1 =[]]
= perm({,?T(I)) Aord(?T (1))
2. AL-[Vt-(t 1) €?R — pern(t,gsort(t)) A ord(gsort(t)); A1;1 #[]]
= perm(/,?F(hd(l),t1(l))) Aord(?F(hd(l),t1(l)))
3. wf(?R)

Figure 2. Proof state after induction and casesplit.

respectively: assumption rarely holds and so we will lift it here. We try
to construct an appropriately cleaned, simple approximation

Vir,r'list-r =1 — of the still unknown component signature. Here, we apply

(I =[] — true) abstractioni.e., we replace non-variable object-level terms

Al =[]Ar"=[]— perm(l,r) Aord(r))) by fresh variables and move the original instantiations (via
VLU, rrilist-l=U'Ar=1r"— lifting) into the hypotheses such that they can be used as

(1 =1] — true) additional preconditions which reflect the restricted calling

Al =[]Ar" =1"— perm,r)Aord(r))) pattern. For example, the subgoal
Both tasks can easily be proven by an automatic first- Al-H = p(?F(hd(l),t1(1)))

order theorem prover such a®Ass[23], i.e., both com-
ponents are retrieved. Note that the first task is valid even
though the constructor’s signature does not match the query.
The final selection of one of the (in general many) retrieved

components is one of the major design decisions in integra-ppstraction does not introduce new meta-variables but (of
tion which cannot be automated. It is similar to the selec- course) new meta-quantified object-level variables. Let us
tion of one of the (possibly infinity number of) higher-order jjjystrate this on thejuicksortexample. Consider the proof
unifiers in [3]> However, in our case it may also be based gtate in Figure 3 wherF has been instantiated with the
on the non-functional aspects (e.g., memory or performancecharacteristic recursivesort -call and?L;, and?L, rep-
characteristics) of the components. Assume we thus chosgegent the yet unknown partitiofsLet us also temporar-

to instantiate? 7" with copy . Thegsort -fragmentthen jjy assume that L, will be instantiated with an appropriate
becomes functiongreater in order to meet the fourth assumption.
After abstraction and some simplifications due to this in-
stantiation, the subgoal becomes

becomes

Aliym - [Hsi = hd(l);m = £1(1) ] = p(?F (i, m))

gsort(l) = if [ =[] then copy(l) else ?F(hd(l), t1(l))

In this case the primary reuse effects are rather smallasthe A j m - [...;1#[];i = hd(l);m = t1(])]
instantiation of? T' with copy saves no proof steps over — perm(m,?L; (i, m) ™ greater(i, m))
the direct solution?T” = Az - [] as done in [3]. How- Amaxi, 7Ly (i, m))

ever, there are still secondary benefits. Using the explicit

library component instead of the “inlined - [] improves From this subgoal, the query specification

the adaptability of the synthesized program. If for example query (i : item, m : list) r : list

the lists are refined into arrays, the refinement proof can be pre I £ []Ai=nhd(l) Am=tl(l)
restricted to the specifications of the actual components and

-LC ! post perm(m, r ™ greater(i, m)) A max\i, r)
the original synthesis proof need not to be repeated.

can be extracted as before. Note that this specification still
contains the original, non-abstracted variabléhich has to

be bound universally during the construction of the com-
plete proof task to retain correctness. Before it can be

~ If all meta-variables are simple (cf. assumption 5), the checked against a library candidate with a different signa-
identification of the query’s input variables is trivial. This e

4.2. Signature cleaning and signature matching

5E.g. list::constructorandcopycorrespond to two solutions of the cor- SHere we omit subgoals which exclusively deal with termination issues,
responding higher-order unification problé® ([]) = []. e.g., (3) in Figure 3.



Vi - gsort(l) = if [ =[] then copy(l) else gsort(?L; (hd(l), t1(/))
~[hd(l)]~gsort(?La(hd (1), t1(1)) A Ay
— V1 -perm(l,gsort(l)) A ord(gsort(l))
1. Al-[Vt-(t 1) €?R — perm(t,qsort(t)) Aord(gsort(t)); A1; 1 # []]
= perm(t1(l),?Ly (hd(l), t1(1)) ™7 La(hd(l),t1(l))) A
minl(hd(), ? Ly (hd (1), t1(1))) A maxkhd(l), 7Ly (hd (1), t1(1)))

Figure 3. Proof state after instantiation of recursive call.

lesseq (I' : list, " : item) r' : list query-1 (i : item, m : list) r1 : list

pre true pre I £ []Aéi="nhd(l) Am =t1(l)

postYj : item - post Ay : list - perm(m, r ™ 12)

JEUN <1 = #(,U')=#(,r") A minl(i,m2) A maxl(i,r)

(where#(z, k) returns the number of occurrenceszom query-2 (i : item, m : list) ry : list
k), the signature mismatcihas to be resolved: a straight- pre [ #[]Ai=hd(l) Am=1t1(])
forward matching would identify dist-parameter with an post A7 : list - perm(m, r, ™ ry)
itemparameter and thus render the task unprovable. Signa- A mind (i, r2) A maxl (i, ry)

tgre matching can exploit type information to prevent suc.h The component specification ftasseq  given in Sec-
situations. [4] develops an approach based on constructivgin 4 2 and a similar specification fareater ~match
isomorphisms of\-terms which fits well into our higher- g0 queries. There are potentially a large number of other
order'framework. . . o components that would also match the queries, however.
Ultimately, the signature of an auxiliary function is the ' e Ley insight is to notice that the instantiations of the
result of a design decision; in [3] a special “two-placed vari- o meta-variables must be satisfied simultaneously. Us-
ant” of the induction rule is used to introdulesseq - and  ing the two queries independently would therefore be un-

greater  as two-place functions. Our techniques can thus \ise. For example, consider two simpler queries with post-
only be an approximation. If they fail to retrieve a match- ,ngitions:

ing component, the user has either to provide a different

call pattern by partially instantiating the meta-variable, as Ary :list - perm(m, ™ r2)
in [3], or—in the worst case—to re-synthesize the missing Iry tlist - perm(m, 117 rs)
component.

Each query used independently would retrieve, amongst
other things,list::constructor. Clearly, however, this in-

4.3. Multiple meta-variables stantiation could not satisfy both queries simultaneously.
We thus follow a different approach. The idea is that
Our fourth assumption states that there is only a singlegiven a list of queries,Q:,..., Q. for meta-variables
meta-variable in each open subgoal. In general, this restric-? My, ... ,?M,,, we useQ; as a filter forQ;1,... , Q.

tion is also unrealistic but it can fortunately be lifted rela- The library is first searched usirgy which retrieves a num-
tively easily. We still assume that the meta-variables cannotber of possible instantiations f8i//,. Next, the library is

be shared across subgoals. searched using); but the existential variable i), corre-

All meta-variables are unskolemized as normal. A query sponding td? M is instantiated with library components re-
is then formed for each meta-varialBl&/; , ... ,?M;, un- trieved in the previous step. Each possible instantiation for
der consideration. To form the postcondition of the query ?M; is checked. Any instantiation for which there are no
for 7M;,, we remove the existential quantifier ovei/;, components matching the second query are dropped. This
only. This means that the other meta-variables remain exis-process is repeated and the end result is a set of instantia-
tentially quantified. tions satisfying all queries. Note that this set could be sub-

Section 4.2 describes how to retrielessseq from stantially smaller than if the queries had been used indepen-
the proof state, assuming thgiteater has already been  dently.
found. Consider what happens if we try to retrieve for the  In the quicksort example, the first query retrieves
meta-variable8 L, and? L, simultaneously. We obtaintwo lesseq . After substituting this in the second query we
gueries corresponding td.; and? L, respectively: get:



query-2 (i : item, m : list) r : list large proof. Hence, further experiments are required to de-
pre I #[]Ai="hd(l) Am =t1(l) termine which is the better strategy for deductive retrieval.
post perm(m, lesseq(i, m) ™ r2) A minl(i,r2)

Note also that the third conjunctin this query has been elim- 5. Related work

inated. This is the result of a post-processing step which

removes any conjuncts which no Iong_er co_ntain eithe_r.the Manna and Waldinger have already shown [12, Sec-
output vanab_le of the query or any eX|steqt|aIIy qganhﬁed tion VII] that in theory a notion of component reuse can
variables. Since such conjuncts appear in the first queryg gy e puilt-into deductive tableaus. The initial tableau is
VY“?“* they were proved to hp Id with the appropriate 'nStar_"just extended by rows containing the specifications (or even
tiation, they must also hold in the second query under this y,q i jlementations) of the library components as assump-
|nstar)t|at|on. So they can be removed from con5|derat|pn. tion. These rows can then be used in the derivation process
This second query can now be used to retrieve y,o same way as the usual axioms of the background theory.

greater . In [3], the ;ynthe_sis desseq .a_ndgreater This idea can be translated in a straightforward way into
has to be done by an inductive proof. This involves substan- s aj and Basin's higher-order re-formulation of deductive
tial time and effort on behalf of the user which can be saved,,1aqu.

by using deductive retrieval. In practice, however, this simple idea has severe disad-
vantages. In a fully automatic synthesis system, the ad-
ditional rows significantly extend the search space. In an
interactive synthesis system, finding the right component

he third . h h bl specification for a resolution step is left to the human; how-
The third assumption states that each meta-variable aPover, since this is exactly the original component retrieval
pears in a unique open subgoal. There are (at least) tWQ 4o nothing is gained

solutions to this problem. The first is to form a new query The AMPHION system [22] follows the Manna-

for each.open subgoal W'thm which thg r"neta-'vanable ap- Waldinger-approach to combine synthesis and retrieval but
pears. Since these queries must be satisfied smultaneous%orks in the very domain-specific setting of astronomical
each query can be used as a filter for the next query in the

d b Alt tivel Id subroutines. AMPHION is successful because of this do-
same way as was done above. Allernatively, we Could €X-main restriction and because the synthesis granularity is ac-

tract a single query from all the open subgoals. SlJpposetuaIIy fairly small—each line of specification yields, on av-

that there are open subgodl, ... , G and th‘.ﬁ We can erage, only three lines of code. The integration we propose
use our methods to extract pre- and post-conditions for eacr]s far more general

G;. Then a single query extracting information from all the

4.4. Meta-variables shared across multiple open
subgoals

The KIDS system [20] provides some degree of integra-

subgoals is: tion of synthesis and retrieval in the sense that abstract al-
fullquery (... gorithms can be pre-defined as schemas which are then re-
pre prey V ---V pre, used in later synthesis problems. We believe that the ben-
post (pre; — posti) A ... A (prep — posty) efits of integration will only be realized ifoncretealgo-

What are the trade-offs of these two approaches? Thisrithm re-use is also enabled. KIDS has a facility for reusing
guestion can be answered in terms of the shape and numbesoncrete components via a process for deriving specifica-
of the corresponding proof obligations. Ignoring the pre- tion morphisms using unskolemization [21]. These mor-
conditions (since these involve easy proofs), let us look at phisms can be applied to existing components to produce
the obligations based on matching the query and componenthew operators (e.g., to derive a composition operator from
postconditionsfullquery gives rise to a single proof obliga- a decomposition operator). However, the choice of source
tion for each library component but this obligation is rather component must be done manually, i.e., the retrieval prob-
large. In the separate query case, there are, in the worstem emerges in the same way as in the Manna/Waldinger-
casepnk proof obligations, wherg is the size of the library.  approach. [19] hints at how to integrate automated re-
Each library component must be checked to match with thetrieval into CYPRESS, a KIDS-predecessor. The tactic
postconditions for eacky;. In practice, however, many of operator _match attempts to match synthesis subgoals
these matches will fail. If a match for a library component to predefined operators. However, the tactic is applied ex-
fails, this component can be eliminated from consideration haustively and so does not scale up to larger component li-
and matches no longer need to be checked for the remainindpraries. By incorporating the pre-filters (cf. Section 2.2) we
G;. Hence, there will in all likelihood be substantially fewer overcome this scalability problem. [19] also fails to con-
thannk match obligations. Also, the proof obligations will  trol whenoperator _match is applied. We chose to in-
be much smaller. In this context, it is unclear whether it is tegrate our retrieval techniques into the higher-order frame-
easier to handle a large number of small proofs or a singlework because the introduction of new meta-variables yields



a convenient notion of what constitutes a substantial change
of proof state, and hence a control on when to attempt re-
trieval. However, our approach is in principle also applica-
ble to schema-based synthesis.

Our own prior work on deductive retrieval clearly
demonstrates the necessity (and feasibility) of a highly op-
timized retrieval system. An experiment using more than
100 list processing components (comparable to the auxil-
iary functions used in thguicksortexample) showed the
following results averaged over approximately 120 queries
of different granularity. The average number of match-
ing components was 15.45 with a standard deviation of
o = 22.82; however, in more than 27% of the queries,
only a single component matched. In the latest version o
NORA/HAMMR, early pre-filters reject almost 75% of the
invalid proof tasks within approx. 20 seconds per query;

(3]
(4]

(5]

(6]

(eds.),Proc. 2nd Intl. Workshop TACA&NCS 1055 pp.
313-328, Passau, Springer, 1996.

A. Ayari and D. Basin. “A higher-order interpretation of
deductive tableau”, Tech. report, Univ. Freiburg, 1999.

R. DiCosmo. Isomorphisms of Types: from-calculus

to information retrieval and language desigBirkhauser,
Boston, 1995.

B. Fischer. “Specification-based browsing of software com-
ponent libraries”, in D. F. Redmiles and B. Nuseibeh (eds.),
Proc. 13th ASEpp. 74-83, Honolulu, 1998. IEEE.

D. Garlan and M. Shaw. “An Introduction to Software Ar-
chitecture”, in V. Ambriola and G. Tortora (edsAdvances

in Software Engineering and Knowledge Engineeripp.
1-40. World Scientific Publishing Co., 1992.

f [7] W.Howard. “The formulas-as-types notion of construction”,

in J. P. Seldin and J. R. Hindley (edsth H. B. Curry: Es-
says on Combinatory Logic, Lambda-Calculus, and Formal-
ism pp. 479-490. Academic Press, 1980.

subsequent preprocessing steps improve the average proofig] c. kreitz. “Program synthesis”, in W. Bibel and P. H.

times by a factor of 1.5-3, depending on the prover. The

average response time per query thus drops by a factor of

almost 3. At the same time, the recall (i.e., prover success
rate) improves from 30—-60% to 60—-85%, again depending

on the prover. If we put all these numbers together, it means[!

that the average expected time to retrieve the first matching
component (which is sufficient for synthesis) drops from 19
minutes to 3.5 minutes.

6. Conclusion

In this paper, we have presented an integration of deduc-
tive retrieval into a deductive synthesis system. The key to
a practical integration is to identify promising proof states
where retrieval can be applied. This avoids overloading the
retrieval subsystem with an excessive number of redundant
gueries. Experiments show that a specialized retrieval sub-
system is required to overcome the infeasibility of a naive
“all-out match”.

There are three main advantages to integration. First,
the number of interactive proof steps is substantially re-
duced; in thequicksortexample, retrieval of the auxiliary
functions saves two complex inductive sub-proofs. Second,
the granularity level of synthesis is raised from language
constructs to components. Finally, integration supports the
adaptation of retrieved “near-misses” and thus overcomes a
major problem of pure retrieval systems.
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