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Abstract. Object relationships in modern software systems demand, these debuggers cannot determine the correctness
are becoming increasingly numerous and complex.of object relationships. Many graphical debuggers allow an
Programmers who try to find violations of such interactive exploration of individual data structures; for
relationships need new tools that allow them to explore example, clicking on a reference displays the referenced
objects in a large system more efficiently. Many existing object. However, such manual object-by-object exploration
debuggers present only a low-level, one-object-at-a-timedoes not significantly improve the programmer’s
view of objects and their relationships. We propose a newproductivity in situations where hundreds or even thousands
solution to overcome these problems: query-basedof objects must be tediously inspected.

debugging. The implementation of the query-based , . , o
debugger described here offers programmers an effectiveA alternative way to test object relationships involves
query tool that allows efficient searching of large object USINg special testing qode written for each application. For
spaces and quick verification of complex relationships. €@mple, an application could keep track of all created
Even for programs that have large numbers of objects, thew!dgets and mt_:lude _methods that iterate over the list of
debugger achieves interactive response times for commorVidgets and verify their correctness. Although this approach
queries by using a combination of fast searching primitives, IS more effective for large data structures than is the manual

query optimization, and incremental result delivery. “display-and-click” approach, writing test code may still
consume a considerable amount of time. For example, the

Self virtual machine [HU96] contains over 10,000 lines of
testing-related C++ code. Such testing code can be used

As the complexity of object-oriented systems increases, anconly to answer very particular questions while tracking a
as the number of objects in a program increases, debugginPug, consequently the effort spent writing this code is
becomes more and more difficult. Similarly, object considerable compared to the number of times it can be
relationships become more numerous and complex. Conseused. In addition, testing code might be inefficient,
guently, a graph of objects and their relationships in a IargeeSp?C'a"y if t_he constraints are complex. For exalmple,' a
program resembles a giant tangled web. When debugging irelatl\/_ely st_ralghtforward assertion, such as “no Wl_dget is
program, the programmer must find the few objects thatcontained in more than one window,” may require the
violate their invariants in this giant web, a process that cancréation of reference counts to be verified efficiently. With
resemble a search for the proverbial needle in the haystacki@rgeé programs containing thousands of objects, naive
For example, assume that a graphical widget references it{€sting code might take minutes to execute.

parent window, and that this parent window must in turn
reference the enclosed widget. How can a programmet
detect violations of this relationship?

1. Introduction

We propose a new solution to overcome these problems:

query-based debugging. The approach that we describe here

offers programmers an effective query tool that allows

Current debuggers offer little assistance to the programmelCOMPplex relationships to be formulated easily and evaluated

when it comes to solving such problems. While some efficiently. Such queries can be formulated during

debuggers (e.g., the debuggers in Smalltalk [Gol84, GR91]debugging, or stored as a library of predefined debugging

or ET++ [GWM89, WG94]) provide at least some dueries together with the program’s normal code. In our

assistance by finding all instances of a particular class orSystem, verifying that all widgets are referenced back by
their containing windows is as simple as entering the query
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(The current implementation of the system is based on Sell tuples for which the expression evaluates to true
SO query expressions use Self syntax.) This query identifigsimilarly to an SQL select query).

all objects that violate the containment constraint. Not onl )

does this query save programming time, the query evaluat\éﬁe general form of a query is

also applies sophisticated optimization algorithms to speeg; x;; ... Xin; .. ; Xm Xm1 - Xmn-

the execution of the query and to deliver the results increSonstraint; && ... && Constrainty

mentally. Typical queries execute in seconds, even for ) ) ) o
programs involving thousands of objects. where ¥ is a domain variable whose domain ig Xhe

definition of domain variables can have single-type domains
The rest of this paper is structured as follows. Section 2r domains including subtypes. For example, tiéget
introduces the query model and demonstrates its usefulnesisigle-type domain contains widgets but does not contain
by giving some examples of queries that we used whilgolorWidgets. In other words, a domain does not include
developing and testing our system. Section 3 discusses thbjects of any subclass or subtype (or, in classless Self,
implementation techniques we used to obtain efficient queryubobject). However, using a different syntax, the user can
execution. Section 4 then provides experimental resultglso specify domains that include instances of subtypes,
verifying that the query-based debugger is efficient enougubclasses, or subobjects. In this casevtidget domain
to be a useful tool during program debugging. Finally, wevould contain both widgets and colorWidgets.

discuss related work and possible future extensions of the _ . .
system. We express the constraint part as a conjunction of a number

of individual constraints only because this conjunctive form
allows a number of optimizations to the query evaluation
order as described in section3. Constraints not in
Our basic premise is that programmers need to veri onjunctive form are perfectly valid and_ce_m b_e specified, but

ur current system performs no optimizations on them.

relationships among objects during debugging, Howeve(’Ion'unctive ueries occur frequently and are natural to use
any tool for verifying relationships must be both expressive )u qui q y '
0 this restriction has not yet proved to be unreasonably

and simple to be widely applicable and to save debugging ...
time. In our system, query expressions look just like iting.
expressions in the underlying programming language, Se
[US87], so that programmers can use queries witho
learning a new syntax or language. (Accordingly, we woul
expect query-based debuggers for different languages
choose a syntax close to that language.) Queries consisté?
two parts, thesearch domainand theconstraint Let us
revisit the widget and window query:

2. Query Model and Examples

.1 Assumptions

(bur query model is based on several assumptions. First, it is
programmer’s responsibility to ensure that queries are
e-effect free—just as expressions in C/C++ assertions
must be side-effect free. Second, the programmer must
ensure that the queried objects are in a consistent state when

widget wid; window win. the query is evaluated (i.e., that expression evaluation will
(wid window = win) && . succeed). Finally, to use efficient hash joins (see section 3.5),
(win widget_collection includes: wid) not we assume that the “=" method in queries has equality

semantics; since all methods can be redefined in Self, this is
not guaranteed. However, the Self programming guidelines
%trongly suggest such semantics, and the current Self system
contains no method that violates it.

The first part of the query defines thearch domairof the
guery using universal quantification. The domain part of th
above example should be read as “for all widgédsand all
windows win...”. With Self being a prototype-based
languagewidget is the name of the widget prototype, and its . .
domain is all objects that contain the same fields as th%‘2 Discussion

prototypé; in a class-based languageidget would be & \ye chose this particular query model primarily because of
class name and its domain would be all instances of thes simplicity: a query is a boolean expression prefixed by a
class. search domain specification. Originally we anticipated
rnaving to extend the model once its shortcomings would

Z)Tereztsai(znonmio pélét ec\)jalltjgeéeglﬁrry eggﬁCIthljesle tz;a tﬁgn:g::&ecome clear during experimentation, but so far we have not
P P e[ncountered such situations.

domain. Constraints are arbitrary Self expressions tha

evaluate to a boolean result. In particular, they can contaifn alternative way of specifying queries would use iterators
message sends. Semantically, the expression will bgch as Smalltalk'allinstancesDo: method; by predefining

evaluated for each tuple in the Cartesian product of thgyore of these iterators, one could potentially avoid
query’s individual domains, and the query result will include
* For environments where this assumption is not valid, section 4.5
T See section 3 for a more precise definition. shows the effect of not using hash joins.




introducing any query language at all and just use the baséjectOutliner a; rowMorph b; columnMorph c.
language. We rejected this approach for two main reason@ morphs includes: b) && (b morphs includes: c)
First, it is language-dependent—languages without closures _

cannot express such iterators succinctly. Second, we felt th@iectoutliner a; columnMorph b; rowMorph ¢
declarative domain specification was simpler and mor&?® morphs includes: b) && (b morphs includes: c)

flexible, putting the burden of choosing an efficient iterationthe gutput of the first query was empty, whereas the output
and evaluation order on the query optimizer instead of thgf the second query had 23 results, leading us to conclude
programmer. that object outliners contain column morphs that in turn

Obiect-oriented datab tvpicall tai h-Sc_on'[ain row morphs. However, the query o'utput contained
tica{'?ecd cc)quIJ(er]yemodaelfi, E’f}?gg yg:flisé Cl\?g%% n;c%ré-:‘o]scg)u: only 23 of the 132 object outliners present in the system at
solution was specifically designed for query-based"@! '?]O'nt; maybe sr?mei OII fphem did not contain column
debugging, and we deliberately traded off somdnO'PNS Or FOW MmOrphs atall. The query

completeness and expressive power in exchange fobjectOutliner a; columnMorph b.

simplicity and ease of use because we deemed the§emorphs includes: b)

attributes to be of primary importance. returned 130 results. That is, all but two object outliners

contained column morphs, but apparently most of these
column morphs did not include row morphs. Two outliners

We now discuss several examples of queries that we used¥§"® still unaccounted for; perhaps they did not even contain
understand large programs written by others. column morphs. The query
objectOutliner a. (a morphs size = 0)

2.3 Examples

2.3.1 The Self Graphical User Interface
confirmed this guess and showed that the two remaining

We implemented our debugger prototype using the Self usebject outliners were special prototype objects. This
interface which is based on morphs [SMU95]. Morphs arexample demonstrates how our debugger can help to
user interface objects (usually having a visual repreunderstand both the structure of objects as well as the inter-
sentation) that can perform specified actions and can ketions among them. As we have shown, the debugger can
moved on the desktop. Morphs can contain other morphs améveal anomalous objects, which might not always be
hierarchically build complex interface objects. Some morphgrroneous as witnessed in the last query.

are primitive. For example, row and column morphs arrange

objects horizontally or vertically, frame morphs surround2.3.2 Understanding the Cecil compiler

other morphs, and button morphs trigger actions. More

complicated morphs such as object outliners are compos&gcause our debugger helped us to understand Self GUI
of a number of simpler morphs. objects, we decided to look at a complex system which we

had no previous experience with—a prototype Cecil [Cha93]
During the development of the debugger we encounterecbmpiler written in Self by Craig Chambers, Jeff Dean, and
numerous questions about the accepted use of morphs. Usidgvid Grove. Here the main goal was to understand the
our debugger we could easily answer many of thessystem and in particular to understand relationships among
guestions. For example, initially we wondered whether onebjects in the system. During compilation of a Cecil
morph could be a part of more than one composite morplprogram, the compiler creates a large number of internal
Intuitively, we felt that such a structure would be incorrectobjects representing Cecil language constructs: declaration
so we asked the debugger to “find all morphs directlycontexts, Cecil objects and their bindings, methods, and so
contained in at least two morphs”: on.

morph a b c.

(a morphs includes: b) && (c morphs includes: b) && (a 1= c) First, we explored parts of the compiler by finding compiler

objects corresponding to Cecil constructs in the compiled

An empty answer set showed no such morphs in the entifeecil program. We discovered a number of properties of the

Self system. Cecil types. For example, the simple Cecil program we
. . _ . compiled did not have named types with instantiations:

Another interesting question arose when we tried to . : - o

“ ,, cecil_named_type a. (a instantiations size != 0)

construct “table” morphs. Are row morphs usually

embedded into column morphs or vice versa? We looked @flso, the query below showed that only three Cecil types had

the object outliner class that already implements a similagubtypes:

structure, and asked the following two queries: cecil_named_type a. (a subtypes size I= 0)

Can Cecil programs have formals with the same name in

different methods?



cecil_method a b; cecil_formal c d.
(aformals includes: c) && (b formals includes: d) &&
(c name =d name) && (c !I=d) && (a'=b)

o . uery strin Variable types
The query result was nonempty, confirming the notion that Query 9 Y yp
formals with the same name can indeed occur in different
methods. E@

We made a number of other queries about the compiler Intermediate form Collection sizes

objects. Overall, the debugger proved to be a valuable tool in M Collection
understanding the Cecil compiler. This experience leads us Opti@<— module
to believe that query-based debuggers will be useful for other

programmers trying to understand complex OO systems. Optimized form

A

i Code Object collections
3. Implementation generator ]

We implemented the query-based debugger in Self [US87], &Generated Self cod
prototype-based, pure, object-oriented programming
language. We chose Self as our experimental platform

3%

¢

| J

Execution
module

because it is a demanding platform for debugging due to the
large number of objects in the system, as well as the
numerous complex object relationships. In addition, Self
provides several features that simplify the implementation of
the prototype system. In particular, Self allows run-time (on-
the-fly) code generation [CUL89]. Finally, we had access to

the Self Virtual Machine source code, which required
modification for the purposes of the debugger.

Figure 1. Overview of the query-based debugger

3.2 Enumerating all objects in a domain
In section 3.1, we present the general structure of the system.
In the remainder of section 3, we discuss in more detail th€o enumerate all objects in a domain, we extended the Self

most important parts of the debugger. virtual machine with a new primitive that scans the entire
heap and returns a vector containing all matching objects.
3.1 General structure of the system Since the Self implementation already canonicalizes its

) ] internal type descriptorsnaps[CUL89]), it ensures that all
Figure 1 shows a data flow diagram of the debugger. Apjects with the same object layout (i.e., the same slot names
parser extracts _the domain vanables_ from the query stringng for constant slots, slot contents) have the same type
and passes their types to the collection module which thefescriptor. Therefore, the primitive merely needs to find all
finds all objects of domain types (see section 3.2) and returigrerences to a particular type descriptor, a task that can be
them in separate arrays to the execution module. The parsgteomplished fairly quickly. The cost of the primitive is
also transforms the query string into an intermediate for”Hependent on the total size of the heap and the number of
which is a collection of constraints, each of which in turng o-hes (i.e., the size of the result). On our test machine (a
corresponds to one constraint of the'conjunct'ive form of th?OO MHz UltraSPARC workstation) the primitive searches
query. The parser then passes this intermediate form f[o BPout 110 Mbytes per second and can return about 700,000

ina the K led bout traint dd S.objects per second. Given this speed, the primitive has never
using the knowledge about query constraints an omallgﬁen a bottleneck in our system.

sizes (see section 3.4). The code generator module the
generates Self source code for the query-specific constrai
checking methods and integrates it with prefabricate

constraint evaluation code. In the last phase the executi deb ¢ finds answers t v b ntiall
module sets up the run-time environment for the quer € debugge S answers 1o a query by sequentially

evaluation, runs the query code, and finally sends the res&ya_luating all constyaints of th? query for.the query’s dqmain
back to thé user ' variables. Constraint evaluation is similar to a relational

database join coupled with a selection. The initial inputs are
The rest of this section discusses the most important parts iadividual domains, but during the evaluation these domains
the debugger in more detail. are joined; consequently later evaluations consume tuples of

objects. Figure 2 shows the query execution of the query

2§f3 Overview of query execution

objectOutliner o; columnMorph m; rowMorph r.
(o0 morphs includes: m) && (m morphs includes: r).



Collection of Collection of
objectOutliners columnMorphs
Variable o Variable m

(o morphs
includes: m)?,

Collection of tuples (o, m)
conforming to constraint
(o morphs includes: m

Collection of rowMorphs (02, m3)
Variable r (01, m2)

N

(m morphs
includes: r)?

Y

Collection of tuples (o, m, 1)
conforming to constraints
(o morphs includes: m) &&
(m morphs includes: r)

(o1, m1,rl)
(01, m1,r2)

Figure 2. Overview of query execution

This query consists of two constraints, each involving two o
the three domain variables. The first constraint
(o morphs includes: m) consumes object outliners and
column morphs as input; the second constraint consumes

tuples with object outliners and column morphs.

Following the evaluation procedure outlined in Figure 2, the

3.4 Join ordering

The execution order of the individual joins of a query signif-
icantly influences overall performance. To see why, let us
first consider the cost of a single join. The input size of a
single join affects its execution time, while its selectivity
affects the input sizes of subsequent joins. (The selectivity is
the ratio of tuples that do not conform to the constraint to the
number of input tuples in the Cartesian proJu(B.oth the
selectivity and the input sizes of a join depend on the join
ordering. In particular, evaluating joins with low selectivity
at the beginning of join chain can produce large intermediate
results that slow down the evaluation of subsequent joins.
For example, the Cartesian product of two 10,000-element
relations produces a relation with 100,000,000 tuples. Such a
relation would not only be costly to store but also very time-
consuming to use.

To optimize the query execution, we must minimize the
intermediate results by finding an optimal join ordering.
There are no general algorithms that find an optimal join
ordering in polynomial time—in fact, this problem is NP-
complete [IK84]. Several algorithms produce optimal or
near-optimal orders for restricted cases. For example, the
KBZ algorithm [KBZ86] computes optimal join orders for
left-deep ordering where the join graph is acyclic (for cyclic
graphs the algorithm gives approximate results), and
assumes perfect knowledge of join sizes and selectivities.

Numerous heuristics try to find near-optimal orderings
[IK84, KBZ86, SI193, SMK93]. One such heuristic is the
minimum-cost heuristithat performs the lowest-cost join
first. It uses the size of the input relations as the sole cost
factor, with the join’s cost being the product of the inputs’
sizes for the nested loop join. The minimum-cost heuristic is
based on the observation that performing cheap joins in the
beginning should shrink the intermediate result size, making
*he expensive (large) joins at the end less expensive to

perform.

| Original collection Rl | Original collection R2

Join

system performs a chain of joins, and ends up with a single | Intermediate collectiop | Original collection R3

output collection containing tuples with all objects. Since
only the tuples satisfying earlier constraints are passed along
the chain, the output contains only tuples satisfying all
constraints. In our example, tuplgsl, mil, rl) and

| Intermediate collectioh [ Original collection R4

(o1, m1, r2) conform to both constraints and are results of the Y
query. | Result collection |
The system could form the chain of joins in an arbitrary way, Figure 3. Left-deep join

but some execution orders are more efficient than others

presenting an opportunity for optimization.

TThe database community uses an inverse terminology where
“high selectivity” means “many tuples pass the selection”. We find
it more intuitive for “highly selective” to mean “only few tuples
pass the selection”.



In addition to using the minimum-cost heuristic, we imposel00 reduces the standard deviation to 0.01 but is 100 times
a restriction on the join order by usiteft-deep ordering  more costly for a two-object constraint.

Left-deep ordering [SAC+79, SMK93] requires each join to

have one and only one intermediate result relation as athe debugger uses a modified minimum-cost heuristic that
input (Figure 3). Left-deep ordering increases the probabilitjakes into account two-level (high-low) selectivity estimates.
of finding an efficient join order since it has a largerFor example, for the query

percentage of “good” orderings in its search space [SMK93L.ej| method a b; cecil formal ¢ d.

It also simplifies incremental result delivery as explaineda formals includes: ¢) && (b formals includes: d) &&

further below. (c name = d name) && (c '=d) && (a '=b)

3.5 Maximum-selectivity heuristic the minimum-cost heuristic alone would choose to evaluate
the constraints in the following ordgt: name = d name),

Another heuristic used to order joins is theaximum- (bformalsincludes: d), (a !'= b), (aformalsincludes: c),
selectivity heuristic It performs joins with the highest (c!=d), resulting in a query execution time of 37 seconds.
selectivity first because such joins eliminate the most tupleBY using selectivity estimates the system recognizes that the
and consequently produce smaller input sizes for subsequdftn (a!=b) has a low selectivity and should be evaluated as
queries. Although the usefulness of selectivity has been wellate as possible. Consequently it chooses a different
documented in the database literature (e.g., see [KBZ86]), igvaluation order:(c name = d name), (b formals includes:

use in the query-based debugging is different. Queries askédl (a formals includes: c), (a != b), (c!= d). This improved
during debugging typically have modest output sizes of gvaluation order reduces the query execution time to 5.9
few dozen objects, despite search domains that maSeconds.

encompass many thousands or even millions of tuples. This

is not a coincidence—programmers want to inspect thd.6 Hash Joins

objects in the query result, and thus are unlikely to pose

queries that have large outputs. Consequently, the selectivifany query constraints have the foon¥ 3, wherea andf3

of a typical query is very high (e.g., 99.99% of all tuples d@re expressions involving two different domains. In such
not pass the condition). cases the system can compute the corresponding join using

the hash-joinmethod instead of using less efficient nested-
In our debugger we know the precise input sizes of joinoop method [ME92]. Consider the following query about
because all domains are enumerated before determining tBecil structures:
query evaluatipr! order. However, we d_o not know t_h_e Sele%ecil_named_object n; cecil_top_context t;
tivities of .th(.-:‘ joins. To accurately estimate selectivity, thececil_object_binding o.
query optimizer would have to sample a large number of, defining_context = t) &&
tuples, a process which can negate the potential speedyp$arBindings includes: 0) && (o value = n)
gained from better query ordering.

In this Cecil query we can use a hash join to evaluate the
To improve query optimization our system us@precise  (n defining_context = t) constraint. Hash joins do not affect
selectivity information by randomly choosing ten objectsthe join semantics; they are simply a more efficient way to
from each domain and evaluating the constraint for all tuplesvaluate a join.
formed by these objects. The number of tuples satisfying the
constraint indicates the selectivity of the join. While To evaluate a constraint using a hash join, we first construct a
imprecise, it still allows to distinguish highly-selective hash table mapping all result values of expressida the
constraints (selectivities larger than 0.80) from constraintdomain variable(s) that produced these restits=igure 4
that have low selectivities (less than 0.50). We decrease titigat uses the above example, the hash table maps contexts
priority of the joins containing low selectivity constraints by (the results of applyingh defining_context expression to
multiplying their cost by a factor of 100. objectsnl andn3) to cecil_named_object objectsn1 andn3.

Then, we evaluate the expressidrfor each object of the
How big should the sample be that is used to estimateorresponding domain and probe the hash table with each
selectivity? Larger samples allow more precise estimates, bragsult. If the probe is successful (i.e., if the hash table
small samples reduce the cost of estimating the selectivitgontains one or more tuples that evaluated to the same value
(and thus the overhead of query optimization). We expemsing expression), all of these tuples are added to the result
imented with several sample sizes and found a sample sizelwdcause they satisfy the conditian= B. In Figure 4, the
10 to be a good compromise between accuracy and cost. @ecil_top_context objectt2 is mapped to the same slot as the
average, a sample size of ten produces selectivity estimatescil_named_object n3, andt2 = n3. Consequently the tuple
with a standard deviation of 0.035, which is accurate enougn3, t2) satisfies the constraint and belongs to the result.
for our high-low distinction. Increasing the sample size tdJsing the hash join method, the join result can be



cecil_named_object coIIectio¢ Collection of Collection of

nl n3 objectOutliners columnMorphs
Variable o Variable m

n defining_context
ining_ X c1

(o morphs
includes: m)?,

Buffer of tuples (0, m)

\9m1\9m2\9m3\9m4\
hash table

t2
Cecil top context collection ‘

Collection of rowMorphs (02, m3)
Figure 4. Hash join Variable r (01, m2)
constructed with a single scan through all tuples3’m \ c2
domain.
(m morphs
On average hash joins are more efficient than nested loop
joins because they execute ind@@ B|) time if the output is

small, compared to @( * |B|) time required for a nested
loop join regardless of the output size. If the output is close
to the size of Cartesian product then the cost of a hash join Buffer of tuples (o, m, r)
will also be O@| * |B]). Our join ordering algorithm uses
o] + B| to estimate the cost of a hash join. For example, if
there are 4 cecil_top_context objects and 69
cecil_named_object objects, the estimated cost of the hash
join (n defining_context = t) is 73.

(o1, m1,rl)
(01, m1, r2)

The experiments in section 4.5 demonstrate that hash joins Figure 5. Incremental delivery pipeline

can dramatically improve performance for some queries.  p «ar is full or when its input buffer is empty. Whenever a

) thread blocks, the query scheduler picks the next thread to
3.7 Incremental delivery run. By keeping the size of the intermediate buffers small—

on the order of 100 elements—the system can “push” inter-

Because a query-based debugger is a part of an interactiyg,jiate results down the pipeline towards the output before
programming environment, we would like to achleveeaﬂy joins compute their complete results.

interactive performance for the widest possible class of

gueries. But sometimes it is impossible to compute the entirhe join threads must be scheduled correctly to minimize the
query result within a short time, for example, the inputresponse time. We use a simple queue scheduling scheme
relations may be very large or the individual querythat prefers threads closer to the end of the pipeline. As a
expressions may involve time-consuming operationstesult, intermediate results flow towards the end of the
Incremental delivery improves the response time of longpipeline because consumers closer to the end will run before
running queries by delivering the first result(s) as quickly agins earlier in the pipeline will produce new intermediate
possible, so that the user can inspect them while the rest @fsults. For example, in Figure 5 the thread executing join
the result is being computed. To achieve this goal, we&1 will block when it fills the remaining slots in the inter-
developed a technique that dynamically adjusts the CPbhediate buffer or when it finishes scanning through input
time allocated to individual constraints to produce the firstollections. Then the scheduler will select and run the thread
result as quickly as possible. executing join C2 because it is closer to the end of the

o pipeline and it has non-empty input and non-full output
In our system, each join executes as a Self thread and {gffers.

connected to the next join by a limited-size intermediate

result buffer. Figure 5 shows buffers of size 4, and bottlthough the thread pipeline by itself increases the speed of
buffers contain two tuples. This arrangement resembles @utput generation, we optimize it further by time-slicing the

pipeline where intermediate results flow along the pipelinghreads. Time-slicing prevents a slow (or highly selective)

toward the next query. As in the classical producer-consuméuin at the beginning of the pipeline from running for a long

problem, a thread in the pipeline blocks when its outputime before filling its output buffer. Without time-slicing, if



Query Input Output]
1. morph a b c. (a morphs includes: b) && (¢ morphs includes: b) && (a !=c) 37*37*37 0
2. objectOutliner a; rowMorph b; columnMorph c. (a morphs includes: b) && (b morphs inclugég*1)6*370 0
3. objectOutliner a; rowMorph c; columnMorph b. (a morphs includes: b) && (b morphs includég*1)6*370 1
4. objectOutliner a; columnMorph b. (a morphs includes: b) 12*370 11
5. objectOutliner a; rowMorph b. (a morphs includes: b) 12*146
6. objectOutliner a. (a morphs size = 0) 12 1
7. objectOutliner a; smallEditorMorph b. (a titleEditor = b) && (b owner = a) 12*16
8. objectOutI_iner a; columnMorph b; labelMorph c. 12*370*1006 B
(a morphs includes: b) && (c owner = b) && (a moduleSummary = c¢)
9. ceciITn_amed_object a; cecil_top_c_ont_ext b cecil_object_binding c. 69*4*79 68
(a defining_context = b) && (b varBindings includes: ¢) && (c value = a)
10. cecil_named_type a. (a instantiations size != 0) 198 0
11. cecil_named_type a. (a subtypes size != 0) 198 3
12. cecil_method a. (a resultTypeSpec printString = 'int’) 167 2
13. point a; rectangle b. (a x = b origin y) && (a x = 6) 11195*4579 6,780
14. point a. a x = 256 11195 2
15. point a; rectangle b b1. 11195*4579* 0
(a x = b origin y) && (b height = b1 height) && (b !'= b1) && (b1 height = 1000) 4579
16. point a; re.cltangle b bl. . . ' 11195*4579* 12 467
(a x = Db originy) && (b height = b1 height) && (b != b1) && (b1 height > 1000) 4579 '
17. rectangle b b1. (b height > (b1 height + 800)) && (b width < (b1 width - 900)) 4579*4579 0
18. cecil_method a b; cecil_formal c d. . 167*167*179 7042
(a formals includes: ¢) && (b formals includes: d) && (c name = d name) && (c !'=d) && (a 1=2H)P
19. mutableString a. (a asSlotlfFail: [ abstractMirror ]) isReflecteeSlots 15540 11,281

Table 1: Sample queries with their input and output sizes

the first join does not completely fill its output buffer it 4.1 Benchmark queries

would run to completion before a thread switch occurs, and

the first query output would not appear before the entire firdle ran the tests using both realistic queries as well as
join is completed. Instead, the scheduler preempts threadstificial queries. Table 1 lists the queries and their sizes. We
after they have used up their time slice and schedules tlselected a number of realistic queries and tried to present a
new highest-priority thread. Thus, if the first join producedfair sample in terms of query complexity, query evaluation
any intermediate results during its time slice, these resulisethods, and query input and output sizes. The realistic
are pushed down the pipeline, shortening the time to produegieries (1-12) dealt with inputs ranging from 10 to 1,000
the first result. To keep thread switching overhead low, webjects per type (see Table 1). Queries 1-8 involve the Self
keep time slices reasonably long (e.g., 100 ms per slice). GUI, and queries 9-12 involve the Cecil compiler.

4. Experimental results To test the limits of the debugger’'s performance, we also
evaluated difficult synthetic queries (queries 13-19) that are
We tested the debugger on a number of realistic angss likely to be asked in real life. These queries involved
synthetic queries. For our tests we used an otherwise idgrger inputs that contain tens of thousands of objects (except
Sun Ultra 2/2200 machine (with a 200 MHz UltraSPARCquery 18). Some of them were difficult to evaluate efficiently
processor) running Solaris 2.5.1 and a modified version cgecause the system could not use hash joins (query 17), or
Self 4.0. Executioq time_s_reported are elapsed times. Tim@gecause they had an empty result set (query 15), where
were measured with millisecond accuracy. We observed jacremental delivery techniques did not help. Queries 18 and
variance of about 10% in the measurements due to varioys) gre realistic but time-consuming, so they were grouped

asynchronous events in the Self VM and user threagygether with other queries that place considerable stress on
scheduling effects. We also measured the total CPU time {§e gebugger's performance.

verify that no other processes disrupted the measurements.

We chose the lowest time observed during three repetitiorgueries can be divided into the following broad classes:

of a measurement. . .
e Queries 6, 10, 11, 12, 14, and 19 are simple one-

constraint selection queries. Since these queries along
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Figure 6. Query execution times

with queries 4 and 5 have only one constraint, theiOverall, the results are encouraging, with most of the
evaluation time does not depend on join optimization. realistic queries (1-12) taking less than a second to evaluate.
* Queries 1,2, 5,7, 8, 10, 15, and 17 are assertion queriE§r these queries, the median response time was 0.33
that have an empty result set. Incremental deliveryp€conds, and the median completion time was 0.33 seconds.
techniques do not affect their response time. Query 18 was the only realistic query that took a long time to
- Queries 7, 8, 9, 13, 15, 16, and 18 have some equali§/valuate, but even there the first result appeared in less than a

constraints that can be evaluated using hash joins, whi eecond.
the other queries use only nested-loop joins. Some of the artificial queries (13-16) also executed in the
) ) subsecond range. For these queries, the median response
4.2 Execution time time was 0.89 seconds, and the median time to complete the

] ] ] ] _ . query was 1.14 seconds. Query 17 took 20.7 seconds to
Figure 6 shows the execution times of all queries, split '”t‘éomplete. This query is difficult for the system to evaluate
four components: efficiently because it does not contain equality constraints.

« Primitive time the time spent computing the input Consequently the system can not use hash joins. The

domains of the query using the primitive described irdebugger had to execute a nested-loop join for 4879
section 3.2. rectangles, evaluating the first constraint 21 million times.

Query 19 took 2 seconds to complete. This query is a simple
ﬁglection query, but it performs a time-consuming
operation—compilation of the Self code string—for each
mutable string.

» Translation time the time spent choosing a query
evaluation order and generating the code to execute t
query.

» Response timehe time spent producing the first result
(not including the time needed to display it in thewe found that many queries had such enormous outputs that
graphical user interface). For queries producing amur machine ran out of memory trying to produce results.
empty answer, the response time includes the entirgsually, such queries are asked by mistake, since the
query evaluation because the user has to wait until therogrammer probably would not want to look at millions of

end of the query evaluation to learn the outcome. tuples in a result. A straightforward restriction on the result
« Completion timethe remaining execution time neededsize eliminates system crashes and alerts users to this type of
to complete the query and produce all results. mistake.

For example, for query 16 it took less than 0.2 seconds %.3 Join ordering

collect all points and rectangles, and less than 0.1 seconds to

translate the query into Self code. The first result appearéb see how well the query optimizer works, we compared its
after an additional 0.7 seconds, and it took another 1.@erformance against the best and worst join orderings. In this
seconds to complete query evaluation. experiment, we executed the queries using all possible left-



Query number Best Actual Worst

16 11 2.2 631
17 17 20.7 27.2
18 3 5.9 130

Table 2: Completion time depending on join ordering
(large queries)

4.4 Incremental delivery

Incremental delivery significantly reduces the response time
of the system. For example, query 18 took 5.9 seconds to
complete but produced the first result in less than a second.
Overall, the response time ranged from 12% to 100% of the
completion time with a median of 87% (recall Figure 6).
Excluding queries with empty answer sets (which cannot
benefit from incremental delivery) the median ratio is 73%,
i.e., incremental delivery reduces the waiting time for the
programmer by about 27%.

The use of incremental delivery also limits sizes of inter-

Figure 7. Completion time depending on join ordering Mediate collections. For example, query 18 runs out of
(small queries) memory when executing in non-incremental mode because it

. . . . por norm intermedi r . i
deep orderings that perform selections first. Such Order'nﬁ’lgggcise\?alSatec;uzuccfssfjl? af)eec;usslgtsintelrmlendci;et;n ?Q;illt
correspond to the search space of our join orderin ’ y

algorithm. In all cases the best ordering in this search spa g es are limited by buffer sizes.

was indeed the globally optimal ordering, so the search, cneck the influence of time-slicing on the response time
space limitation did not influence the results. We did nog¢ gifferent queries, we evaluated all queries using time
include queries with only one constraint in this experiment. gjiceg ranging between 100 ms and infinite time slice. The

Figure 7 compares the best and the worst query completi periments showed that time-slicing does not have visible

times to the completion time using the ordering found by oufT€Ct On most queries. However, time-slicing becomes
system. The results show that query optimization works wel[fPortant for large queries with small result sets. For
for small querie§ but the join ordering does not matter Veryexample, if we take assertion query 17 that has an empty

much for such queries since even in the worst case they tal@Ult Set, and add an object to the system that violates the
less than a second to execute. assertion, the query execution pattern changes. The assertion

originally took 20 seconds to verify, but the object violating

However, larger and more complicated queries have mudhe assertion is found early in the execution. Consequently,
wider range of best and worst times (Table 2). Queries 1#he response time is 3 seconds, while the completion time
and 18 clearly demonstrate the need for join orderemains 20 seconds. If the time-slicing is disabled, the first
optimization. Our system evaluates query 16 in 2.2 second®in in the query does not fill the intermediate buffer, so no
but the worst-case execution time is more than 10 minutethread switches occur almost until the end of the execution.
Our system does not perform optimally all the time; itAs a result, without time-slicing the response time becomes
sometimes finds fairly bad orderings but the outcome of thequal to the completion time of 20 seconds.

join ordering may be cushioned by the incremental deliver¥ ] . i
methods discussed later. n summary, incremental delivery can substantially shorten

the response time; large queries and queries with nested loop
joins benefit most from incremental delivery. Time-slicing is
a useful enhancement when dealing with large queries.

4.5 Hash joins

Many queries can use hash joins to avoid computing the full

Cartesian product. But as explained in section 3.5, some
T Sometimes, though, the debugger has an execution time slighd9inS must be computed the hard way, using nested loops.
higher than the “worst” one due to optimization overhead and1ow much slower are such joins? To answer this question
random system events. we re-executed all queries that use hashed joins with hashing
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disabled. Table 3 shows the slowdowns of these querhe query model could make such computations easier to
evaluations. In our test system, slowdowns ranged from 0.&xpress and potentially more efficient. In this way the system

to 2 with a median of 0.98. Query 15 experienced a speedu longer needs to construct and then consume the output
because the optimizer found a better join ordering for nestedples.

loop joins than the one used for hash joins. When we _

increased the size of each relevant domain by five times fb Sécond avenue for future work is to extend the system to

simulate a larger system, the slowdowns became substantfijPvide dynamic queries; i.e., queries whose results are

(right column of Table 3), ranging from 0.32 to 15.6 with adynamically updated while a program is running. For
median of 1.97. example, dynamic queries could help maintain class

invariants [Mey88]. A query whose condition is the negated
The results of these preliminary experiments indicate thaglass invariant should have an empty result. If query results
hash joins can be more efficient than nested-loop joingyere updated dynamically the user could stop the program as
although they slow down several of our test cases. With larggoon as the result became non-empty, i.e., as soon as the
input domains, the performance advantage of hash joins c&fass invariant was violated.

exceed an order of magnitude (€.g., in query 18). Unfortunately, dynamic queries are quite difficult to

implement, especially if the system does not require
Query number | Small system 5:y';fnﬁr programmers to annotate their programs to enable dynamic
gueries. Major difficulties in implementation arise in two
! 0.93 1.13 main areas: the first area of difficulty is to determine when
8 1.18 1.97 the input domains change, and the second area of difficulty is
9 2 6.42 to determine when it is safe to reevaluate an expression.
13 194 5.76 Consider the query
15 0.63 0.32 . o
6 098 0oL p: Point, r: Rectangle. (p = r origin).
18 0.6 15.6 Its result may change if the program creates new points or

rectangles or if old objects become garbage. Furthermore,
the result can also change if a rectangle’s origin changes,

. . . ejther when a new point is assigned to thigin instance
Fortunately, even if hash joins could not be used, incrementgkiaple or when the existing origin is mutated (e.g., by

delivery can mask much of the nested loop join overhead byssigning to the instance variable). In addition, the system

producing the first result quickly. Table 4 shows the responsgq|d also have to analyze the equality method to determine
times both with and without hashing. For these queries thgnich objects and fields it transitively references, and then to
first results can be produced in less than a second, and gy 5| of these to the set of objects that need to be monitored
response time varies by less than a factor of two between thg changes. Efficiently keeping track of these dependencies
two configurations. during millions of object mutations per second will be a

challenging task. This is especially true for a language as

Table 3: Slowdown of nested queries vs. hash queries

Query number Nested (se¢.) Hash (sec.) Ratio dynamic as Self which is less amenable to static analyses
7 0.33 0.35 0.93 like slicing [Tip95, Wei81].
8 0.7 0.6 1.18 . - .
9 07 05 146 Even if the above problem can be solved efficiently, dynamic
: ' . gueries still face another challenge: how can the query
13 0.89 0.96 0.92 o
evaluator know when it is safe to update the query result?
15 0.5 0.8 0.63 . : L ) :
1 093 098 095 Consider a query involving list operations such as the Cecil
: : : queries in section 2.3.2. If the system evaluates such a query
18 0.72 0.92 0.78 expression at the same time that a new element is being

Table 4: Response time (time to first result) inserted into the list, the query may lead to an error because
the list at this moment in the execution is in a temporarily
inconsistent state. Therefore, queries should be updated only
when all abstractions involved are in a consistent state. For
trée system to determine consistent states automatically is
obably impossible. It might be difficult even to formulate a
euristic that handles many common cases satisfactorily,
specially in the presence of multiple abstractions that
operate to maintain a higher-level invariant.

5. Future work

The current query-based debugger can be extended in
number of ways. First, the query model can be extended
include projection or even arbitrary computations tha
involve the selected objects. For example, it would be usefd
to write queries that calculate the average length of certaif
lists. Although this is possible to do now by iterating over the

tuples in the query result, integrating such functionality into
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Clearly, an implementation of dynamic queries is difficult, SMK93] have developed algorithms to find optimal or near-
but their many attractive features encourage us to study theptimal join orderings. The characteristics of the query-
feasibility more closely. We plan to identify a subset ofbased debugger are different from databases—the number of
dynamic queries that is restricted enough to be implementaibjects per domain is smaller than in databases, but all
efficiently yet flexible enough to be useful during debuggingobjects reside in the main memory, so input/output time is
not a factor. The debugger has to deliver interactive,
6. Related work subsecond performance, and cannot spend much time
finding the optimal join order. Dynamic queries are related to
We are unaware of other work that directly corresponds tincremental join result recalculation [BC79, BLT86]. Slicing
query-based debugging. Sefika et al. [Sef96, SSC94\Wei8l, Tip95] and data breakpoints [WLG93] could
implemented a system allowing limited, unoptimizedprovide a foundation for dynamic queries, although they
selection queries about high-level objects in the Choicewould need to be extended and adapted for this purpose.

operating system. The system shows program state and run- i ) , . —
time statistics at various levels of abstraction. Unlike ouf’re-/postconditions and class invariants as provided in Eiffel

query-based debugger, the application (Choices) wadley88] can complement queries and are checked at the
specifically instrumented to allow queries. beginning or end of methods. Unlike queries, they cannot
check multi-object constraints nor can they invoke arbitrary
While no one has investigated the query-based debuggirigethods. We view the two mechanisms as complementary,
specifically, various researchers have proposed a variety vfith queries being more suitable for program exploration as
enhancements to conventional debugging [And95, Cop94vell as specific debugging problems.
DHKV93, DKV94, GH93, KRR94, Laf97, LM94, LN97,
LN95a, LN95b, LN95c, ZL96]. The debuggers most closely/. Conclusions
related to query-based debugging allow the visualization of
relationships—usually references—among objects. Duedlnderstanding and debugging complex software systems is
[Gol93] allows users to display data structures by writingdifficult. Most conventional debuggers offer only a limited
script code. HotWire [LM94], Look! [And95], Object low-level view of the program state and offer little support
Visualizer [DHKV93, KRR94, DKV94], and Program for the exploration of large data structures. Our work
Explorer [LN97, LN95a, LN95b, LN95c] provide numerous provides a system that allows programmers to ask queries
graphical and statistical run-time views with class-dependertbout the program state, helping to check object
filtering but do not allow general queries. Our debugger carelationships in large object-oriented programs. Our imple-
gather statistical data through queries (“How many lists ofnentation of the query-based debugger combines several
size greater than 500 exist in the program?”) but does nowvel features:

display animated statistical views. A new approach to debugging: Instead of exploring a

single object at a time, a query-based debugger allows
the programmer to quickly extract a set of interesting
objects from a potentially very large number of objects,

Software visualization systems such as BALSA [Bro88],
Zeus [Bro91], TANGO/XTANGO [Sta90], POLKA and
Pavane [RC93, Rom92] offer high-level views of algorithms heck . f | b f
and associated data structures. Software visualization ° o check a certain property for a large number o
systems have different uses than everyday debugging. They obJect.s with a single query.

aim to explain or illustrate the algorithm, so their view * A flexible query model: Conceptually, a query evaluates
creation process emphasizes vivid representation. Hart et al. its constraint expression for all members of the query’s
[HKR97] use Pavane for query-based visualization of domain variables. The present model is simple to
distributed programs. However, their system only displays understand and to learn, yet it allows a large range of
selected attributes of different processes and does not allow dueries to be formulated concisely.

more complicated queries. Consens et al. [CHM94, CMR92] « Good performance: Many queries are answered in one
uses Hy visualization system to find errors using post- or two seconds on a midrange workstation, thanks to a
mortem event traces. This work is complementary to ours combination of fast object searching primitives, query
because it focuses on querying and visualizing run-time  optimization, and incremental delivery of results. Even
events while we query object relationships. Noble’s obser-  for longer queries that take tens of seconds to produce
vations regarding the use of Self for the Tarraingim program  all results, the first result is often available within a few
visualization system [NGB95] coincide with our own seconds.

observations. _ .
Although the system described here is based on the Self

The query optimizations discussed in section 3.4 wersystem, the query model as well as its implementation could
influenced by research in the area of databases. Ullmde adapted fairly easily to other languages. We believe that
[UlIB2] discusses basic insights about efficient jointhe system demonstrates the usefulness of query-based
evaluation. Numerous researchers [IK84, KBZ86, SI93debugging, and hope that similar functionality will be
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integrated into future mainstream debuggers, making thg€UL89] Chambers, C., Ungar, D., Lee, E., An Efficient Imple-

daunting task of debugging easier for programmers and

facilitating the development of more robust object-oriented
systems.
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