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developing domain-specific search trees is problematic.
The effort required to implement and maintain such data
structures is high. As new applications need to be supported, new tree structures have to be developed from
scratch, requiring new implementations of the usual tree
facilities for search, maintenance, concurrency control
and recovery.

Abstract
This paperintroducesthe GeneralizedSearchTree (GiST), an index
structuresupporting an extensible setof queriesand datatypes. The
GiST allows new data types to be indexed in a manner supporting
queries natural to the types; this is in contrast to previous work on
tree extensibility which only supportedthe traditional setof equality
and range predicates. In a single data structure, the GiST provides
all the basic searchtree logic required by a databasesystem,thereby
unifying disparatestructuressuch asB+-treesand R-treesin a single
pieceof code,and opening the application of searchtreesto general
extensibility.
To illustrate the flexibility of the GiST, we provide simple method
implementationsthat allow it to behavelike a B+-tree,an R-tree,and
an RD-tree, a new index for data with set-valuedattributes. We also
presenta preliminary performanceanalysisof RD-trees,which leads
to discussionon the nature of tree indices and how they behavefor
various datasets.

1 Introduction
An efficient implementation of search trees is crucial for any
database system. In traditional relational systems, B+-trees
[Corn791 were sufficient for the sorts of queries posed on the
usual set of alphanumeric data types. Today, database systems are increasingly being deployed to support new applications such as geographic information systems, multimedia
systems, CAD tools, document libraries, sequence databases,
fingerprint identification systems, biochemical databases,etc.
To support the growing set of applications, search trees must
be extended for maximum flexibility. This requirement has
motivated two major research approaches in extending search
tree technology:
1. Specialized Search Trees: A large variety of search trees
has been developed to solve specific problems. Among
the best known of these trees are spatial search trees such
as R-trees [Gut84]. While some of this work has had
, significant impact in particular domains, the approach of
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2.

Search Trees For Extensible Data Types: As an alternative to developing new data structures, existing data
structures such as B+-trees and R-trees can be made extensible in the data types they support [Sto86]. For example, B+-trees can be used to index any data with a linear ordering, supporting equality or linear range queries
over that data. While this provides extensibility in the
data that can be indexed, it does not extend the set of
queries which can be supported by the tree. Regardless
of the type of data stored in a B+-tree, the only queries
that can benefit from the tree are those containing equality and linear range predicates. Similarly in an R-tree,
the only queries that can use the tree are those containing equality, overlap and containment predicates. This
inflexibility presents significant problems for new applications, since traditional queries on linear orderings and
spatial location are unlikely to be apropos for new data
types.

In this paper we present a third direction for extending
search tree technology. We introduce a new data structure
called the Generalized Search Tree (GiST), which is easily extensible both in the data types it can index and in the queries it
can support. Extensibility of queries is particularly important,
since it allows new data types to be indexed in a manner that
supports the queries natural to the types. In addition to providing extensibility for new data types, the GiST unifies previously disparate structures used for currently common data
types. For example, both B+-trees and R-trees can be implemented as extensions of the GiST, resulting in a single code
base for indexing multiple dissimilar applications.
The GiST is easy to configure: adapting the tree for different uses only requires registering six methods with the
database system, which encapsulate the structure and behavior of the object class used for keys in the tree. As an illustration of this flexibility, we provide method implementations that allow the GiST to be used as a B+-tree, an Rtree, and an RD-tree, a new index for data with set-valued
attributes. The GiST can be adapted to work like a variety
of other known search tree structures, e.g. partial sum trees

[WEgO], k-D-B-trees [Robgl], Ch-trees [KKD89], Exodus
large objects [CDG+90], hB-trees [LS90], V-trees [MCD94],
TV-trees [LJF94], etc. Implementing a new set of methods
for the GiST is a significantly easiertaskthan implementing a
new tree packagefrom scratch: for example,the POSTGRES
[Gro94] and SHORE [CDF+94] implementationsof R-trees
and B+-trees are on the order of 3000 lines of C or C++ code
each,while our method implementationsfor the GiST are on
the order of 500 lines of C code each.
In addition to providing an unified, highly extensible data
structure,our generaltreatmentof searchtreesshedssomeinitial light on a more fundamentalquestion: if any datasetcan
be indexed with a GiST, doesthe resulting treealwaysprovide
efficient lookup? The answerto this question is “no”, and in
our discussionwe illustrate someissuesthat can affect the efficiency of a searchtree. This leads to the interesting question of how and when one can build an efficient searchtree
for queriesover non-standarddomains- a question that can
now be further explored by experimenting with the GiST.
1.1 Structure of the Paper

In Section 2, we illustrate and generalizethe basic nature of
databasesearchtrees. Section 3 introduces the Generalized
SearchTree object, with its structure, properties, and behavior. In Section 4 we provide GiST implementationsof three
different sorts of searchtrees. Section 5 presentssomeperformanceresults that explore the issuesinvolved in building
an effective searchtree. Section 6 examinessomedetails that
need to be considered when implementing GiSTs in a fullfledged DBMS. Section 7 concludeswith a discussionof the
significance of the work, and directions for further research.
1.2

Related Work

A good survey of searchtreesis provided by Knuth [Knu73],
though B-trees and their variants are covered in more detail
by Comer [Com79]. There are a variety of multidimensional
searchtrees, such as R-trees [Gut841and their variants: R*trees [BKSS90] and R+-trees [SRF87]. Other multidimensional search trees include quad-trees [FB74], k-D-B-trees
[Rob81], and hB-trees [LS90]. Multidimensional data can
also be transformed into unidimensional data using a spacefilling curve [Jag90]; after transformation, a B+-tree can be
usedto index the resulting unidimensional data.
Extensible-key indices were introduced in POSTGRES
[Sto86, Aok91], and are included in Illustra [11194],both of
which have distinct extensible B+-tree and R-tree implementations. Theseextensible indices allow many types of datato
be indexed, but only support a fixed set of query predicates.
For example, POSTGRESB+-trees support the usual ordering predicates (< ,I, =, 2, >), while POSTGRESR-trees
support only the predicatesLeft, Right, OverLeft, Overlap,
OverRight, Right, Contains, Contained and Equal [Gro941.
Extensible R-trees actually provide a sizable subsetof the
GiST’s functionality. To our knowledge this paperrepresents
the first demonstration that R-trees can index data that has
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Leaf Nodes (linked list)

Figure 1: Sketchof a databasesearchtree.
not been mapped into a spatial domain. However, besides
their limited extensibility R-treeslack a number of other features supported by the GIST. R-trees provide only one sort
of key predicate(Contains), they do not allow user specification of the PickSplit and Penalty algorithms describedbelow,
andthey lack optimizations for datafrom linearly ordereddomains. Despite theselimitations, extensible R-trees are close
enoughto GiSTs to allow for the initial method implementations and performanceexperimentswe describein Section 5.
Analysesof R-tree performancehave appearedin [FK94]
and [PSTW93]. This work is dependenton the spatial nature
of typical R-tree data, and thus is not generally applicable to
the GiST. However, similar ideas may prove relevant to our
questionsof when and how one can build efficient indices in
arbitrary domains.

2 The Gist of Database Search ‘Ikees
As an introduction to GiSTs, it is instructive to review search
trees in a simplified manner. Most people with databaseexperience have an intuitive notion of how searchtrees work,
so our discussionhere is purposely vague: the goal is simply
to illustrate that this notion leaves many details unspecified.
After highlighting the unspecified details, we can proceedto
describea structure that leavesthe details open for user specification.
The canonical rough picture of a databasesearchtree appearsin Figure 1. It is a balancedtree, with high fanout. The
internal nodesare usedas a directory. The leaf nodescontain
pointers to the actual data, and are stored as a linked list to
allow for partial or complete scanning.
Within each internal node is a series of keys and pointers. To searchfor tuples which match a query predicateq, one
startsat the root node. For eachpointer on the node,if the associatedkey is consistentwith q, i.e. the key doesnot rule out
the possibility that data stored below the pointer may match
q, then one traversesthe subtreebelow the pointer, until all
the matching data is found. As an illustration, we review the
notion of consistencyin somefamiliar tree structures. In B+trees, queries are in the form of range predicates (e.g. “find
all i such that cl 5 i 5 ca”), and keys logically delineate a
range in which the data below a pointer is contained. If the
query range and a pointer’s key range overlap, then the two
are consistentand the pointer is traversed.In R-trees,queries
are in the form of region predicates(e.g. “find all i such that
(~1, yr ,22, ~2) overlaps i”), and keys delineatethe bounding

box in which the data below a pointer is contained. If the
query region and the pointer’s key box overlap, the pointer is
traversed.
Note that in the above description the only restriction on
a key is that it must logically match each datum stored beIOW it, SO that the consistency check does not miss any valid
data. In B+-trees and R-trees, keys are essentially “containment” predicates: they describe a contiguous region in
which all the data below a pointer are contained. Containment predicates are not the only possible key constructs,
however. For example, the predicate “elected-official(i) A
has-criminal-record(i)” is an acceptable key if every data
item i stored below the associated pointer satisfies the predicate. As in R-trees, keys on a node may “overlap”, i.e. two
keys on the same node may hold simultaneously for some tuple.
This flexibility allows us to generalize the notion of a
search key: a search key may be any arbitrary predicate that
holds for each datum below the key. Given a data structure
with such flexible search keys, a user is free to form a tree by
organizing data into arbitrary nested sub-categories, labelling
each with some characteristic predicate. This in turn lets us
capture the essential nature of a database search tree: it is a
hierarchy of partitions of a dataset, in which each partition
has a categorization that holds for all data in the partition.
Searches on arbitrary predicates may be conducted based on
the categorizations. In order to support searches on a predicate q, the user must provide a Boolean method to tell if q is
consistent with a given search key. When this is so, the search
proceeds by traversing the pointer associated with the search
key. The grouping of data into categories may be controlled
by a user-supplied node splitting algorithm, and the characterization of the categories can be done with user-supplied search
keys. Thus by exposing the key methods and the tree’s split
method to the user, arbitrary search trees may be constructed,
supporting an extensible set of queries. These ideas form the
basis of the GiST, which we proceed to describe in detail.

3 The Generalized Search Tree
In this section we present the abstract data type (or “object”)
Generalized Search Tree (GiST). We define its structure, its
invariant properties, its extensible methods and its built-in algorithms. As a matter of convention, we refer to each indexed datum as a “tuple”; in an Object-Oriented or ObjectRelational DBMS, each indexed datum could be an arbitrary
data object.
3.1

Structure

A GiST is a balanced tree of variable fanout between kM
and 1M, 5 < k 5 3, with the exception of the root node,
which may have fanout between 2 and M. The constant k is
termed the minimumfillfactor of the tree. Leaf nodes contain
(p, pt r) pairs, where p is a predicate that is used as a search
key, and pt r is the identifier of some tuple in the database.
Non-leaf nodes contain (p, pt r) pairs, where p is a predicate
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used as a search key and ptr is a pointer to another tree node.
Predicates can contain any number of free variables, as long
as any single tuple referenced by the leaves of the tree can instantiate all the variables. Note that by using “key compression”, a given predicate p may take as little as zero bytes of
storage. However, for purposes of exposition we will assume
that entries in the tree are all of uniform size. Discussion of
variable-sized entries is deferred to Section 6. We assume in
an implementation that given an entry E = (p, pt r), one can
access the node on which E currently resides. This can prove
helpful in implementing the key methods described below.
3.2

Properties

The following properties are invariant in a GiST:
1. Every node contains between kM and M index entries
unless it is the root.
2. For each index entry 03,ptr) in a leaf node, p is true
when instantiated with the values from the indicated tuple (i.e. p holds for the tuple.)
3. For each index entry (p, pt r) in a non-leaf node, p is
true when instantiated with the values of any tuple reachable from ptr. Note that, unlike in R-trees, for some
entry (p’, pt r') reachable from pt r, we do not require
that p’ + p, merely that p and p’ both hold for all tuples
reachable from pt r'.
4. The root has at least two children unless it is a leaf.
5. All leaves appear on the same level.
Property 3 is of particular interest. An R-tree would require that p’ + p, since bounding boxes of an R-tree are arranged in a containment hierarchy. The R-tree approach is unnecessarily restrictive, however: the predicates in keys above
a node iV must hold for data below N, and therefore one need
not have keys on N restate those predicates in a more refined
manner. One might choose, instead, to have the keys at N
characterize the sets below based on some entirely orthogonal
classification. This can be an advantage in both the information content and the size of keys.
3.3

Key Methods

In principle, the keys of a GiST may be arbitrary predicates.
In practice, the keys come from a user-implemented object
class, which provides a particular set of methods required by
the GiST. Examples of key structures include ranges of integers for data from Z (as in B+-trees), bounding boxes for regions in Iw” (as in R-trees), and bounding sets for set-valued
data, e.g. data from P(Z) (as in RD-trees, described in Section 4.3.) The key class is open to redefinition by the user,
with the following set of six methods required by the GiST:
l

Consistent(E,q): given an entry E = (p, ptr), and a
query predicate q, returns false if p A q can be guaranteed

unsatisfiable, and true otherwise. Note that an accurate
test for satisfiability is not required here: Consistent may
return true incorrectly without affecting the correctness
of the tree algorithms. The penalty for such errors is in
performance, since they may result in exploration of irrelevant subtrees during search.
0 Union(P):
given a set P of entries (pl, ptrl),
...
(p,, pt rn), returns some predicate r that holds for all
tuples stored below ptrl through ptr,.
This can be
done by finding an r such that (pi V . . . V p,) + r.
l

Compress(E): given an entry E = (p, ptr) returns an
entry (TT,ptr) where rr is a compressed representation

ofp.
l

l

l

Decompress(E): given a compressed representation
E = (T, ptr), where rr = Compress(p), returns an entry (r, ptr) such that p + r. Note that this is a potentially “lossy” compression, since we do not require that
p * r.
Penalty(&) E2): given two entries El = (~1, pt rI ),
E2 = (P-Z,ptrz), returns a domain-specific penalty for
inserting Ez into the subtree rooted at El. This is used
to aid the Split and Insert algorithms (described below.)
Typically the penalty metric is some representation of the
increase of size from Ei .pi to Union({Ei, Es}). For
example, Penalty for keys from R2 can be defined as
area(Union({Ei, Ez})) - area(Ei.pi) [Gut84].

3.4

The key methods in the previous section must be provided by
the designer of the key class. The tree methods in this section are provided by the GiST, and may invoke the required
key methods. Note that keys are Compressed when placed on
a node, and Decompressed when read from a node. We consider this implicit, and will not mention it further in describing
the methods.

3.4.1 Search
Search comes in two flavors. The first method, presented in
this section, can be used to search any dataset with any query
predicate, by traversing as much of the tree as necessary to satisfy the query. It is the most general search technique, analogous to that of R-trees. A more efficient technique for queries
over linear orders is described in the next section.

Algorithm Search(R, q)
Input: GiST rooted at R, predicate q
output: all tuples that satisfy q
Sketch: Recursively descend all paths in tree whose
keys are consistent with q.
Sl: [Search subtrees] If R is not a leaf, check
each entry E on R to determine whether
Consistent(E, q). For all entries that are Consistent, invoke Search on the subtree whose
root node is referenced by E.ptr.

s2: [Search leaf

node] If R is a leaf,
check each entry E on R to determine whether
Consistent(E, q). If E is Consistent, it is a
qualifying entry. At this point E.ptr could
be fetched to check q accurately, or this check
could be left to the calling process.

PickSplit(
given a set P of M + 1 entries (p, ptr),
splits P into two sets of entries PI, Pz, each of size at
least kM. The choice of the minimum fill factor for a
tree is controlled here. Typically, it is desirable to split
in such a way as to minimize some badness metric akin
to a multi-way Penalty, but this is left open for the user.

The above are the only methods a GiST user needs to supply. Note that Consistent, Union, Compress and Penalty have
to be able to handle any predicate in their input. In full generality this could become very difficult, especially for Consistent. But typically a limited set of predicates is used in any
one tree, and this set can be constrained in the method implementation.
There are a number of options for key compression. A simple implementation can let both Compress and Decompress
be the identity function. A more complex implementation can
have Compress((p, ptr)) generate a valid but more compact
predicate r, p + r, and let Decompress be the identity function. This is the technique used in SHORE’s R-trees, for example, which upon insertion take a polygon and compress it
to its bounding box, which is itself a valid polygon. It is also
used in prefix B+-trees [Com79], which truncate split keys
to an initial substring. More involved implementations might
use complex methods for both Compress and Decompress.
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llee Methods

Note that the query predicate q can be either an exact match
(equality) predicate, or a predicate satisfiable by many values. The latter category includes “range” or “window” predicates, as in B+ or R-trees, and also more general predicates
that are not based on contiguous areas (e.g. set-containment
predicates like “all supersets of {6,7,68}“.)
3.4.2

Search In Linearly Ordered Domains

If the domain to be indexed has a linear ordering, and queries
are typically equality or range-containment predicates, then a
more efficient search method is possible using the FindMin
and Next methods defined in this section. To make this option
available, the user must take some extra steps when creating
the tree:
1. The flag IsOrdered must be set to true. IsOrdered is a
static property of the tree that is set at creation. It defaults
to false.

2. An additional method Compare(E1, Ez) must be registered. Given two entries El = (pl,ptrl)
and Ez =
(ps, p t r2), Compare reports whether pr precedes ~2, pl
follows pp, or pl and p2 are ordered equivalently. Compare is used to insert entries in order on each node.
3. The PickSplit method must ensure that for any entries
El on Pr and E2 on P2, Compare(Er , E2) reports “precedes”.
4. The methods must assure that no two keys on a node
overlap, i.e. for any pair of entries El, E2 on a node,
Consistent( El, E2 .p) = false.

Algorithm Next(R, q, E)
Input: GiST rooted at R, predicate q, current entry E
output: next entry in linear order that satisfies q
Sketch: return next entry on the same level of the tree
if it satisfies q. Else return NULL.
Nl:

N2: [next on neighboring node] If E is the righmost entry on its node, let P be the next node
to the right of R on the same levelof the tree
(this can be found via tree traversal, or via
sideways pointers in the tree, when available
[LY81].) If P is non-existent, return NULL.
Otherwise, let N be the leftmost entry on P.
If Consistent(N, q), then return N, else return
NULL.

If these four steps are carried out, then equality and rangecontainment queries may be evaluated by calling FindMin
and repeatedly calling Next, while other query predicates may
still be evaluated with the general Search method. FindMinDJext is more efficient than traversing the tree using
Search, since FindMin and Next only visit the non-leaf nodes
along one root-to-leaf path. This technique is based on the
typical range-lookup in B+-trees.

3.4.3 Insert

Algorithm FindMin(R, q)

The insertion routines guarantee that the GiST remains balanced. They are very similar to the insertion routines of Rtrees, which generalize the simpler insertion routines for B+trees. Insertion allows specification of the level at which to
insert. This allows subsequent methods to use Insert for reinserting entries from internal nodes of the tree. We will assume
that level numbers increase as one ascends the tree, with leaf
nodes being at level 0. Thus new entries to the tree are inserted at level I = 0.

Input: GiST rooted at R, predicate q
output: minimum tuple in linear order that satisfies q
Sketch: descend leftmost branch of tree whose keys
are Consistent with q. When a leaf node is
reached, return the first key that is Consistent
with q.
FMl:

[next on node] If E is not the rightmost entry
on its node, and N is the next entry to the right
of E in order, and Consistent(iV, q), then return N. If Xonsistent(N, q), return NULL.

[Search subtrees] If R is not a leaf, find the
first entry E in order such that
Consistent(E, q)l. If such an E can be found,
invoke FindMin on the subtree whose root
node is referenced by E.ptr. If no such entry is found, return NULL.

Algorithm Insert(R, E, 1)
Input: GiST rooted at R, entry E = (p,ptr), and
level I, where p is a predicate such that p holds
for all tuples reachable from ptr.
Output: new GiST resulting from insert of E at level 1.

FM2: [Search leaf node] If R is a leaf, find the

Sketch: find where E should go, and add it there, splitting if necessary to make room.

first entry E on R such that Consistent(E, q),
and return E. If no such entry exists, return
NULL.

Il.

[invoke ChooseSubtree to find where E
should go] Let L = ChooseSubtree(R, E, 1)

Given one element E that satisfies a predicate q, the Next
method returns the next existing element that satisfies q, or
NULL if there is none. Next is made sufficiently general to
find the next entry on non-leaf levels of the tree, which will
prove useful in Section 4. For search purposes, however, Next
will only be invoked on leaf entries.

12. If there is room for E on L, install E on L
(in order according to Compare, if IsOrdered.)
Otherwise invoke Split( R, L, E).

1The appropriate entry may be found by doing a binary search of the entries on the node. Further discussion of in&a-node search optimizations appears in Section 6.

ChooseSubtree can be used to find the best node for insertion at any level of the tree. When the IsOrdered property
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13. [propagate changes upward]
AdjustKeys(R, L).

holds, the Penalty method must be carefully written to assure
that ChooseSubtreearrives at the correct leaf node in order.
An example of how this can be done is given in Section4.1.
Algorithm ChooseSubtree(R, E, I)
Input: subtreerooted at R, entry E = (p, pt r), level

1

Step SP3 of Split modifies the parent node to reflect the
changes in N. These changes are propagated upwards
through the rest of the tree by step13 of the Insert algorithm,
which alsopropagatesthe changesdue to the insertion of N’.
The AdjustKeys algorithm ensuresthat keys above a set
of predicateshold for the tuples below, and are appropriately
specific.
Algorithm AcijustKeys(R, N)

output: node at level 2 best suited to hold entry with
characteristicpredicateE.p

Input: GiST rooted at R, tree node N

Sketch: Recursively descendtree minimizing Penalty

output: the GiST with ancestorsof N containing cor-

rect and specific keys

CSl. If R is at level 1,return R;

Sketch: ascendparentsfrom N in the tree, making the

cs2. Else among all entries F = (q,ptr') on R
find the one such that Penalty(F, E) is minimal. Return ChooseSubtree(F.ptr’, E, 1).

predicatesbe accuratecharacterizationsof the
subtrees.Stop after root, or when a predicate
is found that is already accurate.
PRI: If N is the root, or the entry which points to N
has an already-accuraterepresentationof the
Union of the entries on N, then return.

The Split algorithm makes use of the user-definedPickSplit methodto choosehow to split up the elementsof a node,
including the new tuple to be inserted into the tree. Once the
elementsare split up into two groups, Split generatesa new
nodefor one of the groups,inserts it into the tree, andupdates
keys abovethe new node.

PR2: Otherwise,modify the entry E which points to
N so that E .p is the Union of all entries on N.
Then AdjustKeys(R, Parent(N).)

Algorithm Split(R, N, E)
Note that AdjustKeys typically performs-no work when
IsOrdered= true, since for such domains predicateson each
node typically partition the entire domain into ranges, and
thus needno modification on simple insertion or deletion. The
AdjustKeys routine detects this in step PRl, which avoids
calling AdjustKeys on higher nodesof the tree. For such domains, AdjustKeys may be circumvented entirely if desired.

Input: GiST R with node N, and a new entry E =
(p, Wr).
output: the GiST with N split in two and E inserted.
Sketch: split keys of N along with E into two groups

according to PickSplit. Put one group onto a
new node, and Insert the new node into the
parent of N.

3.4.4

SPl: Invoke PickSplit on the union of the elements
of N and {E}, put one of the two partitions on
node N, and put the remaining partition on a
new node N’.

Delete

The deletion algorithms maintain the balanceof the tree, and
attempt to keep keys as specific as possible. When there is
a linear order on the keys they use B+-tree-style “borrow or
coalesce”techniques. Otherwise they use R-tree-style reinsertion techniques. The deletion algorithms are omitted here
due to lack of space;they are given in full in [HNP!95].

SP2: [Insert entry for N’ in parent] Let EN! =
(q, pt r'), where q is the Union of all entries
on N’, and ptr' is a pointer to N’. If there
is room for EN, on Parent(N), install ENI on
Parent(N) (in order if IsOrdered.) Otherwise
invoke Split(R,Parent(N), EN~)~.

4

The GiST for Three Applications

In this section we briefly describe implementations of key
classesusedto make the GiST behave like a B+-tree, an Rtree, and an RD-tree, a new R-tree-like index over set-valued
data.

SP3: Modify the entry F which points to N, so that
F.p is the Union of all entries on N.

4.1
2We intentionally do not specify what technique is used to find the Parent
of a node, since this implementation interacts with issues related to concurrency control, which are discussed in Section 6. Depending on techniques
used, the Parent may be found via a pointer, a stack, or via re-traversal of the
tree.
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GiSTs Over Z (B+-trees)

In this example we index integer data. Before compression,
eachkey in this tree is a pair of integers, representingthe interval contained below the key. Particularly, a key <a, b>
representsthe predicate Contains([a, b), V) with variable w.

The query predicates we support in this key class are Contains(interva1, v), and Equal(number, w). The interval in the
Contains query may be closed or open at either end. The
boundary of any interval of integers can be trivially converted
to be closed or open. So without loss of generality, we assume
below that all intervals are closed on the left and open on the
right.
The implementations of the Contains and Equal query
predicates are as follows:
l

l

Contains([s, y), w) If z < ZJ< y, return true. Otherwise
return false.
Equal(z, V) If z = Y return true. Otherwise return false.
Now, the implementations of the GiST methods:

l

Consistent(E, q) Given entry E = (p, ptr) and query
predicate q, we know that p = Contains( [zp, yp), v), and
either q = Contains([z,, yQ), V) or q = Equal(z,, v).
In the first case, return true if (zp < yg.) A (yp > x~)
and false otherwise. In the second case, return true if
xp 5 xg < yp, and false otherwise.

Given
0 Union({&,.
. .,En})
El = ([xl,yl),ptrl),...,En
= ([xn,yn),ptrn)h
return [MIN(Z~, . . . ,2,), MAX(y1,. . . , y,)).
l

l

l

Compress(E = ([x, y), ptr)) If E is the leftmost key
on a non-leaf node, return a O-byte object. Otherwise return 2.
Decompress(E = (T, ptr)) We must construct an interval [z, y). If E is the leftmost key on a non-leaf node,
let x = -co. Otherwise let z = rr. If E is the rightmost
key on a non-leaf node, let y = co. If E is any other
key on a non-leaf node, let y be the value stored in the
next key (as found by the Next method.) If E is on a leaf
node, let y = x + 1. Return ([x, y), ptr).
PenalME

=

([xl,yl),ptrd,F

=

l

PickSplit

- x2,0).

Finally, the additions for ordered keys:

l

GiSTs Over Polygons in R2 (R-trees)

In this example, our data are 2-dimensional polygons on
the Cartesian plane. Before compression, the keys in this
tree are 4-tuples of reals, representing the upper-left and
lower-right corners of rectilinear bounding rectangles for 2dpolygons. A key (xul, y,,l, xlr, yl,.) represents the predicate
Contains( (xul, yu~, xlr, yrr), w), where (~~1, yul) is the upper
left corner of the bounding box, (xl,., ylr) is the lower right
corner, and w is the free variable. The query predicates we
support in this key class are Contains(box, w), Overlap(box,
w), and Equal(box, w), where box is a 4-tuple as above.
The implementations of the query predicates are as fol-

Contains( (xk, , yhr, zt,, y&) , (x:r, yzr, x&, y,“,)) Return
true if

Otherwise return false.
OverW((&,
true if

yhl, ~2,., ~f,.)~ (xi%, yi%, xi., Y,“,)) Return

Let the first 1J!Y
2 ] entries in order go in the

left group, and the last IF1 entries go in the right. Note
that this guarantees a minimum fill factor of y.

l

4.2

(ba,yd,ptrd)

If E is the leftmost pointer on its node, return MAX(y2 yl, 0). If E is the rightmost pointer on its node, return
MAX(Z~ - x2,0). Otherwise return MAX(~~ - yl, 0) +
MAX@1

There are a number of interesting features to note in this
set of methods. First, the Compress and Decompress methods
produce the typical “split keys” found in B+-trees, i.e. n - 1
stored keys for n pointers, with the leftmost and rightmost
boundaries on a node left unspecified (i.e. --oo and 00). Even
though GiSTs use key/pointer pairs rather than split keys, this
GiST uses no more space for keys than a traditional B+-tree,
since it compresses the first pointer on each node to zero bytes.
Second, the Penalty method allows the GiST to choose the
correct insertion point. Inserting (i.e. Unioning) a new key
value k into a interval [x, y) will cause the Penalty to be positive only if Ic is not already contained in the interval. Thus
in step CS2, the ChooseSubtree method will place new data
in the appropriate spot: any set of keys on a node partitions
the entire domain, so in order to minimize the Penalty, ChooseSubtree will choose the one partition in which lc is already
contained. Finally, observe that one could fairly easily support more complex predicates, including disjunctions of intervals in query predicates, or ranked intervals in key predicates
for supporting efficient sampling [WE80].

Otherwise return false.
Equal((x~l,~~l,x~~,~~~),(x~l,~~l,x~~,~~~))
true if

IsOrdered = true
Compare(El = (pl,ptrl),E2
= (p2,ptr2)) Given
pl = [xi, yi) and pz = [x2, y2), return “precedes” if
21 < 52, “equivalent” if xi = x2, and “follows” if xi >

Otherwise return false.
Now, the GiST method implementations:

$2.
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Return

l

l

Consistent((E, q) Given entry E = (p, ptr), we
know that p = Contains( (& , &, x1’,, y,‘,), w), and
q is either Contains, Overlap or Equal on the argument (x:2,, ~2,) XI”,, yl”, ). For any of these queries, return
me if OverW(&,
yhl, & yt,>, b$, ~2,~4, Y,“,)>~
and return false otherwise.
Union({El

, . . . , En I)

that overlap 12 to 1 o’clock”, which for a given pointp returns
all polygons that are in the region bounded by two rays that
exit p at angles 90' and 60’ in polar coordinates. Note that
this infinite region cannot be defined as a polygon made up of
line segments, and hence this query cannot be expressed using
typical R-tree predicates.

Given

4.3 GiSTs Over P(Z) (RD-trees)
El
((xE1,Y~l,x:,,Y1l,),ptrl),
.. In the previous two sections we demonstratea that the GiST
En= (~:~Y:~,x~“,,Y;,)),
return
(MIN(&,
.. x;,j: can provide the functionality of two known data structures:

MAX(y:l,
Yr-,)).

. . . , Y$), MA@:,,

. . . , xpT), MI&j;,

...,

Compress( E = (p, pt r)) Form the bounding box
of polygon p, i.e., given a polygon stored as a set
of line segments Zi = (Xi, yf , .a, y!j), form A =
(\Ji~~~(2$), ViMAx(
Vi~~x(2f,),
ViMIN(&
Return (n, ptr).
Decompress(E = ((Q , yul, xlr, yl,), pt r)) The identity function, i.e., return E.
Penalty(El, Ed Given El = (pl,ptrl)
and Ez =
(pz,ptrz),
compute q = Union({El, Ez}), and return
area(q) - area( El .p). This metric of “change in area” is
the one proposed by Guttman [Gut84].
PickSplit
A variety of algorithms have been proposed for R-tree splitting. We thus omit this method implementation from our discussion here, and refer the interested reader-to [Gut841 and [BKSS90].
The above implementations, along with the GiST algorithms described in the previous chapters, give behavior identical to that of Guttman’s R-tree. A series of variations on Rtrees have been proposed, notably the R*-tree [BKSS90] and
the R+-tree [SRF87]. The R*-tree differs from the basic Rtree in three ways: in its PickSplit algorithm, which has a variety of small changes, in its ChooseSubtree algorithm, which
varies only slightly, and in its policy of reinserting a number
of keys during node split. It would not be difficult to implement the R*-tree in the GiST: the R*-tree PickSplit algorithm
can be implemented as the PickSplit method of the GiST, the
modifications to ChooseSubtree could be introduced with a
careful implementation of the Penalty method, and the reinsertion policy of the R*-tree could easily be added into the
built-in GiST tree methods (see Section 7.) R+-trees, on the
other hand, cannot be mimicked by the GiST. This is because
the R+-tree places duplicate copies of data entries in multiple
leaf nodes, thus violating the GiST principle of a search tree
being a hierarchy of partitions of the data.
Again, observe that one could fairly easily support more
complex predicates, including n-dimensional analogs of the
disjunctive queries and ranked keys mentioned for B+trees, as well as the topological relations of Papadias, et
al. [PTSE95] Other examples include arbitrary variations of
the usual overlap or ordering queries, e.g. “find all polygons
that overlap more than 30% of this box”, or “find all polygons
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B+-trees and R-trees. In this section, we demonstrate that the
GiST can provide support for a new search tree that indexes
set-valued data.
The problem of handling set-valued data is attracting increasing attention in the Object-Oriented database community [KG94], and is fairly natural even for traditional relational database applications. For example, one might have a
university database with a table of students, and for each student an attribute courses-passed of type setof(integer). One
would like to efficiently support containment queries such as
“find all students who have passed all the courses in the prerequisite set { 101, 121, 150}.”
We handle this in the GiST by using sets as containment
keys, much as an R-tree uses bounding boxes as containment
keys. We call the resulting structure an RD-tree (or “Russian
Doll” tree.) The keys in an RD-tree are sets of integers, and
the RD-tree derives its name from the fact that as one traverses
a branch of the tree, each key contains the key below it in the
branch. We proceed to give GiST method implementations
for RD-trees.
Before compression, the keys in our RD-frees are sets of
integers. A key S represents the predicate Contains(S, V) for
set-valued variable 21. The query predicates allowed on the
RD-tree are Contains(set, w), Overlap(set, v), and Equal(set,
VI.
The implementation of the query predicates is straightforward:
l

Contains(S, 2’) Return true if S 1 T, and false otherwise.

l

Overlap(S, T) Return true if SnT # 0, false otherwise.

l

Equal(S, T) Return true if S = T, false otherwise.
Now, the GiST method implementations:
Consistent(E = (p, pt r), q) Given our keys and predicates, we know that p = Contains(S, v), and.either q =
Contains(T, v), q = Overlap(T, V) or q = Equal(T, v).
For all of these, return true if Overlap(S, T), and false
otherwise.
Union( { El = (Sl,Wrd,
Retum&U...US,.

. . . , En = (Sn,ptrn)})

Compress(E = (S, ptr)) A variety of compression
techniques for sets are given in [HP94]. We briefly

describe one of them here. The elements of S are
sorted, and then converted to a set of n disjoint ranges
[In, hn]} where li < hi, and hi <
{[~1,~11,[~2,h21,...,
The conversion uses the following algorithm:
h+l.
Initialize:
while

consider
each element a, ES
to be a range [am,a,].
(more than n ranges remain) {
find the pair of adjacent
ranges
with the least interval
between them;
form a single
range of the pair;

B+-trees
OL
L__-__._____________________

0

The resulting structure is called a rangeset. It can be
shown that this algorithm produces a rangeset of n items
with minimal addition of elements not in S [HP94].
l

l

l

Decompress(E = (rangeset, pt r)) Rangesets are easily converted back to sets by enumerating the elements
in the ranges.

= (Sl,ptrl),E2
IE1.Sl U E2.S21 - ]Ei.Sr].

= (S2,ptr2) Return
Alternatively, return the
change in a weighted cardinality, where each element of
Z has a weight, and ISI is the sum of the weights of the
elements in S.
Penalty(El

Pi&Split(P)
Guttman’s quadratic algorithm for R-tree
split works naturally here. The reader is referred to
[Gut841 for details.

This GiST supports the usual R-tree query predicates, has
containment keys, and uses a traditional R-tree algorithm for
PickSplit. As a result, we were able to implement these methods in Illustra’s extensible R-trees, and get behavior identical to what the GiST behavior would be. This exercise gave
us a sense of the complexity of a GiST class implementation
(c.300 lines of C code), and allowed us to do the performance
studies described in the next section. Using R-trees did limit
our choices for predicates and for the split and penalty algorithms, which will merit further exploration when we build
RD-trees using GiSTs.

5

GiST Performance Issues

In balanced trees such as B+-trees which have
non-overlapping keys, the maximum number of nodes to be
examined (and hence I/O’s) is easy to bound: for a point
query over duplicate-free data it is the height of the tree, i.e.
O(log n) for a database of n tuples. This upper bound cannot be guaranteed, however, if keys on a node may overlap,
as in an R-tree or GiST, since overlapping keys can cause
searches in multiple paths in the tree. The performance of a
GiST varies directly with the amount that keys on nodes tend
to overlap.
There are two major causes of key overlap: data overlap,
and information loss due to key compression. The first issue
is straightforward: if many data objects overlap significantly,
then keys within the tree are likely to overlap as well. For
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Compression Loss

‘1

Figure 2: Space of Factors Affecting GiST.Performance
example, any dataset made up entirely of identical items will
produce an inefficient index for queries that match the items.
Such workloads are simply not amenable to indexing techniques, and should be processed with sequential scans instead.
Loss due to key compression causes problems in a slightly
more subtle way: even though two sets of data may not
overlap, the keys for these sets may overlap if the Compress/Decompress methods do not produce exact keys. Consider R-trees, for example, where the Compress method produces bounding boxes. If objects are not box-like, then the
keys that represent them will be inaccurate, and may indicate overlaps when none are present. In R-trees, the problem of compression loss has been largely ignored, since most
spatial data objects (geographic entities, regions of the brain,
etc.) tend to be relatively box-shaped.3 But this need not be
the case. For example, consider a 3-d R-tree index over the
dataset corresponding to a plate of spaghetti: although no single spaghetto intersects any other in three dimensions, their
bounding boxes will likely all intersect!
The two performance issues described above are displayed
as a graph in Figure 2. At the origin of this graph are trees with
no data overlap and lossless key compression; which have the
optimal logarithmic performance described above. Note that
B+-trees over duplicate-freedata are at the origin of the graph.
As one moves towards 1 along either axis, performance can
be expected to degrade. In the worst case on the x axis, keys
are consistent with any query, and the whole tree must be traversed for any query. In the worst case on the y axis, all the
data are identical, and the whole tree must be traversed for any
query consistent with the data.
In this section, we present some initial experiments we
have done with RD-trees to explore the space of Figure 2. We
chose RD-trees for two reasons:
1. We were able to implement the methods in Illustra Rtrees.
2. Set data can be “cooked” to have almost arbitrary over3Better approximations than bounding boxes have been consideredfor
doing spatial joins [BKSS94]. However, this work proposesusing bounding boxes in an R*-tree, and only using the more accurateapproximationsin
main memory during post-processingsteps.

tive is the 3-d plot shown in Figure 3, where the x and y axes
arethe sameasin Figure 2, and the z axis representsthe average number of I/OS. The landscapeis much as we expected:
it slopesupwardsas we move away from 0 on either axis.
While our general insights on data overlap and compression loss are verified by this experiment, a number of performance variables remain unexplored. Two issues of concern
are hot spots and the correlationfactor acrosshot spots. Hot
spots in RD-trees are integers that appear in many sets. In
general,hot spotscanbe thought of asvery specificpredicates
satisfiableby many tuples in a dataset.The correlation factor
for two integers j and k in an RD-tree is the likelihood that
if one of j or k appearsin a set,then both appear.In general,
the correlation factor for two hot spotsp, q is the likelihood
that if p V q holds for a tuple, p A q holds as well. An interesting questionis how the GiST behavesasone denormalizes
datasetsto producehot spots,andcorrelations betweenthem.
This question,along with similar issues,should prove to be a
rich areaof future research.

Avg. Number of I/OS

Figure 3: Performancein the ParameterSpace
This surfacewas generatedfrom data presented
in [HNP95]. Compressionloss wascalculatedas
(numranges
- 20)/numranges,while dataoverlap
wascalculatedasoverlap/lo.
lap, as opposed to polygon data which is contiguous
within its boundaries, and hence harder to manipulate.
For example,it is trivial to constructn distant “hot spots”
sharedby all setsin an RD-tree, but is geometrically difficult to do the samefor polygons in an R-tree. We thus
believe that set-valueddata is particularly useful for experimenting with overlap.
To validate our intuition about the performancespace,we
generated30 datasets,each corresponding to a point in the
spaceof Figure 2. Each datasetcontained 10000 set-valued
objects. Each object was a regularly spacedset of ranges,
much like a comb laid on the number line (e.g. {[l, lo],
[IOOOOl,lOOOlO],[200001,200010], . . .)). The “teeth” of
eachcomb were 10 integers wide, while the spacesbetween
teeth were 99990 integers wide, large enough to accommodate one tooth from every other object in the dataset.The 30
datasetswere formed by changing two variables: numrunges,
the number of ranges per set, and overlap, the amount that
each comb overlapped its predecessor.Varying numranges
adjustedthe compressionloss: our Compressmethodonly allowed for 20 rangesper rangeset,so a comb oft > 20 teeth
had t - 20 of its inter-tooth spaceserroneouslyincluded into
its compressedrepresentation. The amount of overlap was
controlled by the left edge of each comb: for overlap 0, the
first comb was started at 1, the secondat 11, the third at 21,
etc., so that no two combsoverlapped. For overlap 2, the first
comb was started at 1, the secondat 9, the third at 17, etc.
The 30 datasetswere generatedby forming all combinations
of numrangesin {20,25,30,35,40}, and overlap in {0,2,4,
6,8, IO}.
For each of the 30 datasets,five queries were performed.
Each query searchedfor objectsoverlapping a different tooth
of the first comb. The query performancewas measuredin
numberof I/OS, and the five numbersaveragedper dataset.A
chart of the performanceappearsin [HNP95]. More illustra571

6 Implementation Issues
In previous sectionswe describedthe GiST, demonstratedits
flexibility, and discussedits performanceas an index for secondary storage. A full-fledged databasesystemis more than
just a secondarystoragemanager,however. In this sectionwe
point out someimportant databasesystemissueswhich need
to be consideredwhen impIementing the GiST. Due to space
constraints, these are only sketchedhere; further discussion
can be found in [HNP95].
In-Memory Efficiency: The discussion above shows
how the GiST can be efficient in terms of disk access.
To streamlinethe efficiency of its in-memory computation, we open the implementation of the Node object to
extensibility. For example, the Node implementation for
GiSTs with linear orderings may be overloaded to support binary search,and the Node implementation to support hB-trees can be overloaded to support the specialized internal structure required by hB-trees.
Concurrency

Control,

Recovery and Consistency:

High concurrency, recoverability, and degree-3consistency are critical factors in a fulI-ff edged databasesystem. We are considering extending the results of Kornacker and Banks for R-trees [KB95] to our implementation of GiSTs.
Variable-Length
Keys: It is often useful to allow
keys to vary in length, particularly given the Compress
method available in GiSTs. This requires particular care
in implementation of tree methodslike Insert and Split.
Bulk Loading: In unordereddomains,it is not clear how
to efficiently build an index over a large, pre-existing
dataset.An extensible BulkLoad method should be implemented for the GiST to accommodatebulk loading
for various domains.

l

l

7

Optimizer Integration:
To integrate GiSTs with a
query optimizer, one must let the optimizer know which
query predicatesmatch eachGiST. The question of es&
mating the cost of probing a GiST is more difficult, and
will require further research.

has been done [FK94], but more work is required to
bring this to bear on GiSTs in general. As an additional
problem, the user-definedGiST methods may be timeconsumingoperations,andtheir CPU cost should be registered with the optimizer [HS93]. The optimizer must
then correctly incorporate the CPU cost of the methods
into its estimateof the cost for probing a particular GiST.

Coding Details: We proposeimplementing the GiST in
two ways.
The Extensible GiST will be
runtime-extensible like POSTGRESor Illustra for maximal convenience;the TemplateGiST will compilationextensible like SHORE for maximal efficiency. With a
little care, thesetwo implementationscan be built off of
the samecode base,without replication of logic.

Lossy Key CompressionTechniques: As new data domains are indexed, it will likely be necessaryto find new
lossy compressiontechniquesthat preserve the properties of a GiST.
Algorithmic Improvements:The GiST algorithms for insertion are basedon those of R-trees. As noted in Section 4.2, R*-trees use somewhat modified algorithms,
which seemto provide someperformancegain for spatial data. In particular, the R*-tree policy of “forced reinsert” during split may be generally beneficial. An investigation of the R*-tree modifications needsto be carried
out for non-spatialdomains. If the techniquesprove beneficial, they will be incorporatedinto the GiST, either as
an option or asdefault behavior. Additional work will be
required to unify the R*-tree modifications with R-tree
techniquesfor concurrency control and recovery.

Summary and Future Work

The incorporation of new data types into today’s database
systems requires indices that support an extensible set of
queries. To facilitate this, we isolated the essentialnature of
searchtrees, providing a clean characterizationof how they
are all alike. Using this insight, we developedthe Generalized SearchTree, which unifies previously distinct searchtree
structures. The GiST is extremely extensible, allowing arbitrary data sets to be indexed and efficiently queried in new
ways. This flexibility opens the question of when and how
one can generateeffective searchtrees.
Since the GiST unifies B+-trees and R-treesinto a single
structure, it is immediately useful for systemswhich require
the functionality of both. In addition, the extensibility of the
GiST alsoopensup a numberof interestingresearchproblems
which we intend to pursue:
l

l

l

Indexability: The primary theoretical questionraisedby
the GiST is whether one can find a general characterization of workloads that are amenableto indexing. The
GiST provides a meansto index arbitrary domainsfor arbitrary queries, but as yet we lack an “indexability theory” to describe whether or not trying to index a given
data set is practical for a given set of queries.
Indexing Non-Standard Domains: As a practical matter, we are interestedin building indices for unusual domains, such as sets, terms, images, sequences,graphs,
video and soundclips, fingerprints, molecular structures,
etc. Pursuit of such applied results should provide an interesting feedbackloop with the theoretical explorations
described above. Our investigation into RD-trees for
set data has already begun: we have implementedRDtrees in SHORE and Illustra, using R-trees rather than
the GiST. Once we shift from R-trees to the GiST, we
will also be able to experimentwith new PickSplit methods and new predicatesfor sets.
Query Optimization and Cost Estimation: Cost estimates for query optimization need to take into account
the costs of searchinga GiST. Currently such estimates
are reasonablyaccuratefor B+-trees, and less so for Rtrees. Recently, some work on R-tree cost estimation
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Finally, we believe that future domain-specific searchtree
enhancementsshould take into account the generality issues
raisedby GiSTs. Thereis no good reasonto develop new,distinct searchtree structuresif comparableperformancecan be
obtained in a unified framework. The GiST provides such a
framework, and we plan to implement it in an existing extensible system,and also as a standaloneC++ library package,
so that it can be exploited by a variety of systems.
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