





























Raced in the literature. In the paper, the authors explicitly draw even smallish batches of rules contain significant conceptual den-
analogies between their approach and Datalog, but stop short andsity. We found that understanding non-trivial amounts of Over-
distinguish between an optimizer — which in their view manipulates Log — especially someone else’s OverLog — can be difficult simply
query plans — and a datalog engine, which manipulates data [22]. because the intent of the program gets complex quickly. This is

Relative to the previous rule-based extensible optimizers, Evita exacerbated by the notation of variable unification, which relies on
Raced innovates on a number of fronts. First, by treating query the programmer being able to visually match variable names across
plans as data, it can reuse the dataflow engine to implement the opterms in a rule. Additionally, the need to pay close attention to the
timizer rule evaluation. This metacompilation approach provides position of variables in comma-separated lists is vexing when table
significanteconomy of mechanisra well-established principle in  arities get above 3 or 4. Finally, the lack of modularity or encap-
developing reliable software [28]. Second, Evita Raced allows all sulation in Datalog syntax does nothing to encourage good code
aspects of the optimizer to be extended, including not only the plan structuring and reuse, topics that matter a lot when the number of
transformations and cost functions, but also the search strategiesrules climbs into the many dozens. These latter problems can be
For example, we switched from a System-R-based, bottom-up op- addressed via syntactic reworkings and extensions of OverLog, an
timizer to a Cascades-based, top-down optimizer in response to ainteresting design problem we are actively considering.
reviewer’s request with great ease in fewer than 24 hours (Sec- A third class of problems arises from the semantics of Over-
tion[£1.3); we are not aware of any other optimizer framework Log’s extensions to Datalog, especially with respect to event tables.
where this kind of radical change would be so easy to achieve. While OverLog ostensibly promises Datalog-like semantics within
Third, the tabularization of code in Evita Raced enables code anal- a (local) fixpoint computation, in order to truly understand the be-
ysis via standard queries — for example, stratification tests or other havior of a long-running OverLog program, you have to understand
static program analyses useful for debugging. Finally, the use of what happens across multiple fixpoints — i.e., across the handling
a logic-based language brings a measure of semantic rigor to theof multiple event tuples. That means thinking declaratively within
extensibility language, as well as theoretical tests from the Data- a fixpoint, but reasoning about ordering among events that are han-
log literature that help in program understanding. This potentially dled across multiple fixpoints. It is not clear how to address this;
alleviates some traditional software engineering problems with un- one possible direction is to bring concepts from temporal logic into
derstanding rule interactions in more ad-hoc rule languages. OverLog to reason about this more declaratively.

Another interesting extensible query optimizer is Opt++ [17],an  Finally, in talking to colleagues in industry, one constant we hear
elegant object-oriented design for an optimizer that is customizable is that — regardless of the underlying extensibility architecture — the
via inheritance and overloading. A specific goal of Opt++ was to development and maintenance of query optimizers is a major chal-
make the search strategy extensible, enabling not only top-downlenge. For one thing, it is hard to debug code when the output's
vs. bottom-up state-space enumeration, but also randomized searcleorrectness (e.g., minimality of cost) is too expensive to verify in
algorithms. Evita Raced embraces these additional dimensions ofgeneral. Also, optimizers simply contain a lot of logic, includ-
extensibility introduced by Opt++, but provides them in a much ing statistics, search algorithms, and manipulation of complex data

higher-level declarative programming framework. structures with a lot of object sharing (e.g., of subplans). Our ex-
perience with Evita Raced is that declarative programming and re-
6. DISCUSSION lational modeling can help mitigate these challenges quite a lot,

but there is no panacea — good design and taste are still required
to successfully separate concerns in the problem space (e.g., mea-
surement vs. modeling in statistics generation, logical vs. physical
query plan issues, etc.), and develop well modularized solutions.

When we began this project, we did not know whether a fully
declarative compiler was feasible or useful. We have been sur-
prised by just how positive our experience with Evita Raced has
been. It has allowed us to upgrade P2 from having essentially no
optimizations of note, to having quite a sophisticated suite of op-
tir?lizations, rewrites, and prog?aqm analysez. However, not everF;/- 7. CONCLUSION AND FUTURE WORK
thing was smooth, and in this section we list some of the chief  The Evita Raced metacompilation framework allows OverLog
lessons from our experience, which suggest research directions fo compilation tasks to be written in OverLog and executed in the P2
improving this line of work. runtime engine. It provides significant extensibility via a relatively

The most difficult problems we faced were due to discrepancies clean declarative language. Many of the tasks of query optimiza-
between P2’s runtime behavior and Datalog semantics. In fact, thetion — dynamic programming, dependency-graph construction and
current state of the system and language as described in 9eclion 2. hnalysis, statistics gathering — appear to be well served by a recur-
is already quite a bit crisper than what we had when we started this sive query language. The notion of metacompilation also leads to
work. Along the way, we often had to reason about operational a very tight implementation with significant reuse of code needed
issues at the dataflow execution level, and find work-arounds that for runtime processing.
ended up complicating our optimization code. Since then, the P2  Even with the caveats expressed in the previous section, we are
group has moved the runtime onto a much cleaner semantic footing,convinced that a declarative metacompiler is much easier to pro-
and today our optimization rules no longer require work-arounds gram and extend than the monolithic query optimizers we have
for the remaining implementation flaws mentioned at the end of worked on previously. We are now at a point where we can add
Section[Z]l. This experience has strongly reinforced our belief significant features (e.g., histograms, broadcast rewrites, staatific
that truly declarative languages with clean semantics are superiortion tests) in an hour or two, where they would otherwise have taken
to more ad-hoc event-condition-action rule languages. Coding and days or weeks of work in a traditional implementation.
debugging is significantly eased by the ability to ignore runtime  One surprising lesson of our work was the breadth of utility af-
considerations, and instead work from declarative semantics. forded by the metacompilation framework. Although motivated by

The second class of problems we faced came from our roots performance optimizations, we have used Evita Raced for a number
in Datalog, and the challenge of scaling the cognitive burden of of unforeseen tasks. These include: automatically expanding user
Datalog-style programming into hundreds of rules developed by programs with instrumentation and monitoring logic; generating
multiple people. The downside of OverLog’s conciseness is that pretty-printers of intermediate program forms; language wrappers
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for secure networking functionality in the manner of SecLog [1];

stratification detectors and other static code analyses. None of these

are performance optimizations per se, but all fit well within an ex-
tensible, declarative program manipulation framework. As Over-

Log and P2 mature, we expect the use of the metacompilation ap-

proach to get even easier, and expect it will (recursively) help us
to implement better versions of the language and runtime. More
generally, we believe that metacompilation is a good design phi-
losophy not only for our work, but for the upcoming generation of
declarative engines being proposed in many fields.
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materialize(sup,infinity,infinity,keys(2,3,4)).
materialize(adornment,infinity,infinity,keys(2,5,6)).
materialize(idbPredicate,infinity,infinity,keys(2,3)).

mg1 goalCount(ea, Pid, Name, @ COUNt<*>) :-
idbPredicate(ea, Pid, Name),
adornment(eA, Pid, Rid, Pos, Name, Sig).

mg2 magicPred(eA, Pid, Name, Sig) :-
goalCount(ea, Pid, Name, Count),
adornment(eA, Pid, _, _, Name, Sig).
Count == 1.

mg3 SUP(@A, Pid, Rid, Pos, Name, Schema) :-
magicPred(ea, Pid, Name, Sig),
rule (ea, Rid, Pid, ., HeadPid, _, -, _),
predicate(eA, HeadPid, Rid, -, Name, -, -, Schema,
R N
Schema := f_project(Sig, Schema),
Name := "magic_" + Name, Pos := 0.

mg4 SUpNext(eA, Pid, Rid, Pos+1, Schema) :-
sup(eA, Pid, Rid, Pos, Name, Schema).

mg5 SUP(@A, Pid, Rid, Pos, Name, Schema) :-
SsupNext(eA, Pid, Rid, Pos, PrevSupSchema),

rule (eA, Rid, Pid, RuleName, _, _, -, ),
predlcate(@A, _, Rid, -, -, -, -, Schema, Pos, -, ),
Name := "sup_" + RuleName + "_" + f_tostr(Pos),

Schema := f_merge(PrevSupSchema, PredSchema).

mg6é adornment(eA, Pid, Rid, Pos, Name, Sig) :-
supNext(@A, Pid, Rid, Pos, PrevSupSchema),
idbPredicate(ea, Pid, Name),
rule (eA, Rid, Pid, -, -, -, -, ),
predicate(es, -, Rid, _, Name, -, _,
Schema, Pos, -, .),
Sig := f_adornment(PrevSupSchema, Schema).

Figure 11: Rule/Goal graph traversal rules.

APPENDIX
A. MAGIC-SETS RULE DESCRIPTION

an adornment stringgs{g), which is initially populated (by a single
rule, not shown) with the query predicate adornments. Ryle
counts the number of adornments for edbi8 predicate. If this
count is uniquedount == 1) in rulemg2, then amagicPred tuple is
created. Rulegs triggers on anagicPred tuple and, for each rule
whose head predicate is named byihgicPred tuple, it generates

a sup predicate with &chema attribute containing the bound vari-
ables that exist at the given rule position. Ruf@ detects a new

sup predicate (like the one generated for the rule head) and trig-
gers an event for the subsequews predicate position in the given
rule. The three way join in rulegs produces a tuple that contains
the schema of the previossp predicate ErevSupSchema) and the
schema of the predicata@dhena) in the subsequent rule position,
should one exist. Two more rules (not shown) move ¢fygNext
position forward if the given rule position does not identify a pred-
icate. The headup predicate schema in rulgs contains all the
variables from the previousup predicate and the schema of the
current predicate, since this schema represents the bound variables
that will exist in the subsequent rule position. Rujs creates an
adornment OUt Of the predicate in the given rule position, if that
predicate is part of théDB. The f_adornment function creates a
new signature from the bound variables in #i@vSupSchema at-
tribute, and the variables in the predicatena attribute. At the

end of the rule/goal graph traversal, those predicates that define
a unique adornment become magic predicates, and the rules that
mention these magic predicates are rewritten using the information
contained in theup table.

Ullman’s textbook description of magic sets [34] can be viewed
as a traversal of a directed graph called Bide/Goalgraph. We
briefly review his description here as a refresher to help clarify the
declarative specification that follows. For a more thorough intro-
duction to the algorithm, we direct the reader to the textbook [34].
The vertices of the Rule/Goal graph are rules and goals, and the
edges represent data dependencies. Briefly put, a goal points to a
rule if it appears in the rule body, while a rule points to a goal if
that goal appears in the rule head. In the magic-sets algorithm, the
Rule/Goalgraph is rooted by the query predicate. The traversal of
the Rule/Goalgraph generates nemagic predicates that contain
the set of variable bindings presented in a program’s derived pred-
icates. A magic predicate is generated for each “goal” vertex that
defines a unique “adornment”, where an adornment is a variable-
binding pattern that indicates which variables are free and which
are bound to a constant. supplementaryredicate is also cre-
ated for all encountered “rule” vertices during this graph traversal.
Supplementary predicates capture the way variable bindings can
be passed “sideways” from left-to-right through the terms of a rule
body.

To give a flavor of the OverLog implementation of magic-sets,
Figure[T1 shows six rules that create the magic and supplementary
predicates through a traversal of tRele/Goalgraph (rules in the
graph correspond to then1e predicate, and goals are given by the
predicate predicate). These six rules correspond to stegsdi:
of Algorithm 13.1 in Ullman’s textbook [34, Chapter 13].

Theadornment predicate contains the predicate namsné) and
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