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Abstract—We present a SAX implementation of the statistical In this paper we show how to build an approximate gener-
embedding associated with XML data, introduced in [1], [2], alizedk-gram in constant space, and an exagfram in space
which allows to efficiently decide e-validity to any DTD or 550rtional to the deptt of the tree. The approximate sketch
Schema, for the Edit Distance with Moves. It associates a . . .
generalized k-gram to unranked labelled trees (with & = 1) IS enough to apprOXImgte the Va“(.j'ty to any DT_D or SCh_ema'
from which any regular property can be approximately decided. In section 2, we review the notion of approximate validity
We show how to exactly compute the k-gram with a SAX provided by property testers and thetat representations
implementation using a memory of sized, the depth of the tree, for words and trees. In section 3, we describe our SAX
and an approximate k-gram with queues of sizeM = 2k and jmnlementation and prove its correctness. In section 4, we give
a global memory of size2” in the worst-case. Experiments on . . . 6
large XML files from the XML benchmark project confirm the examples for XML files of d_'ﬁerent sizes, up 10 gene@ted
error analysis for various values of M. by the XML benchmark project [7], to show the Scalablllty and

the error analysis.
I. INTRODUCTION

An important problem for Web mining is to decide if
semistructured documents are close to some DTDs, as WelWVe first describeapproximate validity as considered in
documents are noisy and may need to be transformed befBreperty testing. We then define the sketches associated to
they are analyzed. Approximate validity has been studied words and to trees, which allow to approximatedly decide any
[3] in the context of Property testing for the Edit distanceegular property. We then recall how a union of polytopes of
with Moves and further extended in [1]. It decides if a file istatistical vectors can be associated to any DTD to define a
close or far from a DTD, by just sampling the file, i.e. in timeanembership tester.
independent of the length of the file. The algorithms construct ) .
sketches which are statistical representations which generafizeAPPrOXimate decision problems
a k-gram on words. This notion of Property Testinghas been initially defined

Streaming algorithms for search problems, as considernied[8] and studied for graph properties in [9]. It has been
in [4] and [5], read the data online and construct an answanccessfully extended to various classes of finite structures,
using sketches which only require a finite memory. For exastich as words where regular languages are proved testable
decision problems, these algorithms read the data online dt€] for the Hamming distance, and trees where regular tree
decide at any stage if the input satisfies the property. Exd@hguages are proved testable [3] for the Edit Distance with
validity of streaming XML documents has been studied in [Bhoves. A tester decides if an input structure satisfies a property
for some classes of DTDs. For approximate decision problenas,is far from this property, but also requires that we look at a
these algorithms read the data online and decide at any stagestant fraction of the input, independent of the global size
if the input is close or far from some property. A tester magf the input.
directly yield a streaming algorithm, but in some cases it We say that two unary structurés,, V,,, € K such as words
may require additional work before we obtain a streamingespectively trees), whose domains are respectively of size
algorithm which uses constant space. If we want to decideand m, are e-close if their distancedist(U,, V;,) is less
if a word is close to a regular expression, the tester us#wine x max(n,m). They aree-far if they are note-close.
in [1] builds a k-gram, i.e. a density vector which providesAll distances are relative. The distance of a structliré¢o
the number of subwords of siZzg which can be built online a classK is dist(U,K) = Minyeck{dist(U,V)}. The Edit
and we obtain a streaming algorithm. In the case of trees, distance with movebetween two stringsy and w’, written
can build the generalizekk-gram from a DOM representationdist(w, w’), is the minimal number of elementary operations
of a treet, but it requiresO(n) space. We need a SAXonw to obtainw’, divided bymaz{|w|, |w’|}. An elementary
representation which uses constant space and avoids the DGdérationon a wordw is either aninsertion, a deletionof
representation. a letter, amodificationof a letter or of an attribute value, or
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a moveof a subword ofw into another position. Th&dit a regular expression. Take N € O(%) samples,
distance with movebetween two ordered unranked tre€s and letustat(w) and ustat(w’) be theustat of the samples.

andt’, writtendist(¢, ), is the minimal number of elementaryro; Equality, Reject if|ustat(w) — ustat(w’)|; > e. For

operations ont to obtain ¢, divided by maz{[t|,[t'|}. A0 Membership, compute the set of polytopdsassociated with
elementary operatioron a treet is either aninsertion, a . iy the same space. Reject if the geometrical distance from

deletionof a node or of an edge, modificationof a letter pointusta/t\(w) to the polytopeH is greater then.

(tag) or of an attribute value, or moveof an entire subtree

of ¢ into another position. When an XML file is given by Example. Let k = '2h = 1/5, w = 000111, IS =

its DOM representation, these operations take unit costs. Two (001)°-(01)".1".(011)" with Zs = {0,1}. For a lexico-
. graphic enumeration of the length 2 binary wordstat(w) =

s_chemasSl and S, on the same alphabet areclose if all but (2/5,1/5,0,2/5). Let so = (1/3,1/3,1/3,0) the base vec-

finitely many words or trees of; (resp.Sz) aree-close toS; tor of the the regular expressiof®01)*, and similarly s; =

(resp.S1). (0,1/2,1/2,0) for (01)*, s2 = (0,0,0,1) for 1* and s3 =

Definition 1: Let ¢ > 0 be a real. Ans-tester for a class  (0,1/3,1/3,1/3) for (011)*. The polytopeH associated with

K, C K is a randomized algorithm such that: S is Convex — Hull(so, 81, $2,53) and describes the set of
ustat(w) whenw € S as in figure 1. The wordv is at distance
(1) If U, € Ky, A always accepts;

: ) 1/6 to S as it requires the removal of the fir8tto yield the
(2) If Uy, is e-far from Ky, thenPr[A rejects] > 2/3. corrected word001.11 € S. For a givenw, the geometrical
The query complexityis the number of queries to the distance betweenstat(w) and H is approximatelydist(w, S)

structure I of K: in the case of words, a query asks for ~anddist(w,w’) is approximately the., norm between thestat
the letter in positiors. The time complexityis the usual time ~ VEctors. Forwn = 0101111 = (01)°.1% € S, ustat(uwn) is
complexity where the complexity of a query is one and the precisely between the base vectorsand s..

time complexity of an arithmetic operation is also one. A class o ustat(w)

K, C K is testableif for every sufficiently smalk > 0, there °
exists ans-tester whose time complexity depends only ©on
If we strengthen the first condition (1) to:

(1) If Iis ¢’ close of Ky, A always accepts; we have an
(e,€’) tolerant tester for e > &’.

ustat(wl
0
sl

B. Statistical embedding on strings

For a finite alphabek and a giveng, let k = % Let the
dist(w, w’) be theEdit distance with moveand the embedding Fig. 1. The statistical space fet of dimension 4 and the polytopé s for
of a word in a vector ofk-statistics describing the number & = 2.
of occurrences of all subwords of lengthin w. Let w be a

word of lengthn, let #u be the number of occurrenceswbf C. Statistical embedding on trees

. lef
length’ in w andustat(w)[u] = #%=. The vectolstat(w)  Thesizeof a tree is the numbet of its nodes. Thelegree

is of dimension/X|* is also theprobability distributionthat a of a node is the number of its successors. Léte an integer
uniform random subword of size of w be a specificu, i.e. ande = 1/k, as before. Every unranked treean be encoded
ustat(w)[u] = Prj—1 . p—r1[wljlw[j+1]...w[j+k—1] = as a binary tree but many encodings are possible. Consider
u]. This embedding is a generalized Parikh mapping [11], ife Rabin encoding(t) where each node of the unranked
also related to [12] where the subwords of lengtivere called tree is a node in the binary encoding. Its left successor of in
shinglesand is called &-gramin statistics. This embedding the binary tree is its first successor in the unranked tree, and
associatequstat(w) : w € r} to a regular expression, a its right successor in the binary tree is its first sibbling in the
union of polytoped? in the same space, such that the distanegranked tree (See Figure 2).
between two vectors (for thé; norm) is approximately It is a classical observation that a languagef unranked
dist(w,w’) and the distance between a vector and a union ®ées is regular iff the languag€’ of its encoding is regular.
polytopes is approximatelist(w, L(r)). For a simple regular An extende®-ranked tree is a binary tree with a left successor,
expression such ag01)*, the polytope is a unique summit,a right successor or both as in figure 2. In the Rabin encoding
the base vectarwhich by definition igim,, _...ustat((001)™). we obtain extende@-ranked trees, as some nodes may only
For a more general regular expression, the polytope is thave a left or a right successor.
convex hull of the base vectors, associated with compatibleThe distance between two unranked trees is of the same
loops. Other embeddings on words [13] and trees [14] depemdier as the distance on their encodings as extefeadked
on the size of the structures. trees. Moreover one can sample aknsubtree ofe(t), i.e.

The ustat(w) vector can be approximated for tiig norm subtree of depttk, since one can compute thesubtree of
by taking N random samples to define the random variablgt) from any nodev by using2* queries asking for the left
ustat(w) which approximatesustat(w). These techniques successor or the sibbling of a node
yield the simple testers of [1] for Equality,w’) between  The tree embedding introduced in [1] maps the original tree
two words, and Membershipw,r) between a wordv and ¢ to a word with labelsw; on a larger alphabet, and then
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Fig. 3. The tree associated with some file F.xml.
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b 1 bwa: bwa : bwa :
Fig. 2. Encoding of an unranked tré¢en (a), as an extende2iranked tree 1 bzlzl)}s) .0 bzgg ? bgzi % bgz% %
— 4! _ - . . . .
et) = t"in (b) ustats(t) = 4| waa:0 waa:1 waa:0 waa:0
wwa:0 wwa:0 wwa:1 wwa:0
1 0:3

usesustat(w;) for the analysis. We propose a more direct Fork = 2, thengstat, (t) = 5 ( | | 5 |, where0 represents the
approach which avoids some of the encodings and captures ajeft branch, and represents the right branch. Theal statistic
natural statistics. It generalizestat(w) to a matrixustat(t) of the right branchl is :

with 2¥=1 columns. Consider the Rabin encoding of the tree

t as in figure 2: paths of length can be paths on the right ) aa : 1
successor, i.e. horizontal pathstirpaths on the left successor, Istat; = 3 fqu '_8
i.e. vertical paths int , or zigzags. There arg"*~! types of Wi - 1

paths, and for each type we keep the classicadt vector.

For paths of lengthk, we associate their type as a boolean

vector of lengthk — 1. We use0 for the left branch and

for the right branch. For example, the pathab of length b gsiatistical embedding of DTDs
k = 4 in figure 2 is of type001. We may also represent this
path asabab on a larger alphabet’ = {a,b,...,a,b,...}. Let :
ustaty,(t) be the matrix with2*~! columns andZ|* lines. irreducible loopst;, and a set obase vectors; :u_stat(t).:

In column 1, we have the densities of paths of typ®, i.e. !in—ocustat((t;)"). The set ofustat(t) for ¢ € S'is a union
vertical paths in the original unranked tree. The last colunftf PolytoperZ;’ which is the Convex-Hullg;, ...s;) of the base

We associate a set dfase loopst; to the DTD S, i.e.

describes paths of type.1, i.e. horizontal paths in the original Vectors of compatible base loops, restricted to some additional

unranked tree. Thigeneralizedi-gram also gives the relative lin€ar constraints. Iistat(¢) is e-close toH;, then it is also
density of the paths types, tigdobal statisticsgstat, a density Cl0S€ 103 Ai - s; whereC' C {sy,...s,} of size at most
vector of size2“~1. Thelocal statisticsfor a given type is the ds + 1, wheredg is the dimension of the Source vectors, i.e.
corresponding column vector of the matrix. As the matrix i%k_l- | 35 [*.
sparse we only enumerate some of the entries with their non

o Example.
zero probabilities. P

root

Consider the DTD given by the 4 rules:
:a*b, a:cd, c¢c:af-+g, b:e". The simple

Example. Consider the XML file associated with the figure 3,  100PS areax, ex and (ac-fd)+, where thec- indicates that

following the DTD S. For a better presentation, many null entries

are not represented in the matrices and we abbreviate “author” vectors fork = 2 are s;1 = (aa

by a, “bd” and “bib” by b, “work” by w. The Source Schemst
is:

<I[ELEMENT db (work*)>

<IELEMENT work (author*)>

<IATTLIST work title CDATA year CDATA>
<I[ELEMENT author (EMPTY)>

<IATTLIST author name CDATA #REQUIRED>

We give below the two matrices fdr = 2 and k = 3 for the
treet of figure 3.

aa:0 aa:l1l

1|{bw:1 bw:0

ustatz(t) = 5| wa:2 wa:0
ww:0 ww:1

the recursion applies to the left successor «of The base
: 1), s2 = (ee : 1) and
s3 = (cd:1/4:af : 1/4,ac: 1/4,ca : 1/4). If t is close to
the DTD, thenustat(¢) is close toA; - s1 + A2 - s2 + A3 - s3

for 3.\ = 1. The distance from a tree to the DTD is
approximately the geometrical distance frastat(¢) to H.

ustat(t) o
.\ N
slA S

H DTD

Fig. 4. The statistical space for a DTD and the polytépgrp for k = 2.



We obtain a Membership tester between a tteand a may also increase its last value with the instructionw + +.
DTD. Take N ¢ O(ﬂﬂﬂ?ﬂ) samples, and letstat(t) The Algorithm S with input a file ' and a parametek, with
be theustat of the samples. We compute the set of polytopagibounded memoyycan now be described in a pseudo-code
H associated with the DTD. lfistat(t) € H we accept and form. _
if ustat(t) is e-far from H we reject. In the next section, we Algorithm  S(ER):
don’t sample the tree but read it online and updateutiet

vector at every stage. O. For the root, Push the tag on T'agpath,

1. If the current Input is <t> with p the previous tag.
Il1. SAX-IMPLEMENTATION 1.1 Push t to Tagpath,

In the case of streaming data, it is simple to update the L.2If p = <s> then Push 1 to Width and Push 0 to
ustat vector in the case of words, by just increasing the 1ypepath,
counter associated with the new letter read. In the case of  [-3Ifp= </5>, thenw++and Push1to Typepath
trees, it is also simple if we start from a DOM representation. 1.4 Update statistics: increase the gstat counter for the
The challenge is to build an approximatetat matrix with a new subiree of type T'ypepath if the length is greater than
bounded memory in an online manner. We first present a SAX * and update the corresponding lstat.
implementation which constructs the statistics online, with a
memory size proportional to the the depth of the tree. We then
show that an approximate statistizstat can be obtained with
a finite memory only. We describe the data structures and the
operations to update them as we read online a hew open o,
close tagp.

2. If the current Input is </t> with p the previous tag.
2.1 If p = <s> then proceed,
22 If p = </s> then Pop the last w elements of
Tagpath and Typepath, Pop Width.
he memory used is the maximal depth in the Rabin
encoding of treg.

A. Data Structures C. Examples

For & given nodg with an open tag we want to Keep  consider the XML file F associated to the tree in figure 5.
the path in the Rabin encoding leading to this node, and thgﬂppose the parser reada> in F. The previous tag is /¢>.

update the statistics. The state of the algorithm consists inTﬁe algorithms pushesh into TagPath and pushes ( code
vectors:Tag Path, TypePath, and Width. of the Rabin encodinginto TypePath. The last element

The two vectorsTagPath and TypePath represent the i, 1704, was1, and becomes after thew + + instruction.
path in the Rabin encoding. The former describes the SEqUERER state after the operation is shown in figure 6.
of tags names of the nodes leading to the current one, of length
dgr, the depth of the node in the Rabin encoding. The latter
describes a binary word of lengtly — 1 which specifies left
(0) or right (1) branches. /

The additional vectotVidth, whose size isl, the depth of ®) K T ® ©
the current node in the unranked tree, maintains the current ;{
widths of the unranked tree at the different levels above the @ O
current node. The last value is the current number of ;D
siblings of the current node if it has an open tag, i.e. the
number of children of his father. This information is kept to ®
indirectly build a Rabin encoding in an online manner. It is Fig. 5. Tree associated with an XML file.
used to update th&agPath and TypePath vectors when
Pop operations are performed. For exampley i 5 and we
return to the closing tag of the father node, theg Path and
TypePath vectors are Popped 5 times. Figure 6 shows the
data structures after readirgh> in the tree of figure 5. The
patha,c, h in the unranked tree, leading tois of depth2.

Its width is 2 at the first level §, ¢) and2 at the second level
(g9, h) and Width = (2, 2).

The global statistics is maintained as a vecgstat of TagPeth TypePath  width
dimension2*~!. Each value counts the number of subtree of a
given type. The Local statistics a?é~' vectors of dimension
|$|*, as in the case of words.

S|Q|o|T| o
(=Y N ]
N

Fig. 6. State after parsingh>.

) Later in the file we read</d>, and the previous tag is
B. Operations </j>. The value ofw, the last element oWidth, is 2. We
On each of the vector§agPath, TypePath, andWidth, pop the lasR elements irl’agPath andType Path. The states
we apply Pop and Push operations. On Wiedth vector we are shown in figure 7.



2 @
b 0
c 1
d 1 4
i 0 3 @\
: : 2 O
TagPath TypePath width @\
(a) State before parsing </d> 2 g @\
@ 65\ -
a
b 0 ® ®\
C 1 ®
d 1 3
L Fig. 8. Sequence of nodes parsed by the Streaming algorithm in the Rabin
TagPath TypePath width encoding.
(b) State after parsing </d>
Fig. 7. State of memory after parsing/d>. is kept true. If the previous tag is/s> corresponding to a

nodew, thenw is the father ofv andw hasw children because

of lemma 1. We jump back to a previous level in the unranked

tree but we jump back levels in the Rabin encoding as shown

in figure 8. We Popu-timesT agPath andTypePath and the
The fundamental observation of the algorithshis that new values are precisely the ones needed. ]

TagPath and TypePath describe at any stage, the path in

the Rabin encoding which leads to the current node of tie Analysis for bounded memory

tree. We prove this property by induction on the length of the

file F and use the variable maintained inWidth.

D. Analysis for unbounded memory

In order to obtain an algorithm which uses a finite memory,
we replace the 3 Pushdowns vect@ragPath, TypePath,
andWidth by 3 Bounded Queues of siz¢. If the Pushdown
has sizeM and we Push a value, we lose the first top value of
the vector which we replace by the symid@l’ and maintain
the maximum size td/ + 1. Let BPush be a Bounded Push
on Queues of sizé/.

The streaming algorithm generalizes the algorithirof the
previous section. An important modification is the instruction
1.4, which manages the overflow symbti”, as shown in
figure 9. We will later find the lost tag when we read the
closing tag and may recover the missed values of the statistics
matrix. We save man§'agpath vectors with the’?”” symbol,
of length less thark, stored in aTagbuffer with at most
2k=1 such Tagpath vectors. Similarly Typebufferwill save
e correspondind@ ypepath vectors. There is also a counter
hich maintains the number 6" symbols at any given time.
or the sake of simplicity, we do not mention it.

h TheTagbuffermay allow us to make some statistics update

(instruction 2.4) when we have small right branches, i.e.

of depth less thar2k. This will imply that the only errors

on the statistics occur when we encounter forks, defined below.

Lemma 1:If a nodew at depthd in the unranked tree has
m children, thenWidth(d) = j when we read the open tag
of the j-th child of u, for j < m.

Proof: Letu be a node with children,, ...v,,. When we
read</v;>, thenWidth is pushed withl, and the assertion
is verified. Suppose the assertion is true for When we
read <v,41>, the previous tag is</v;> and therefore the
S-algorithm realizesv + +, i.e. increases by the last value
of Width. The assertion is therefore true foy. ;. We read
</u> after we read</v,,>, when we PopWidth and
therefore the assertion is true for alk m.

[ |
Theorem 1:Let u be the node associated to an open (H:'
close tag andr be the path in the Rabin encoding from th
root to u. The sequence of tags ifiagPath is the sequence
of tags of the nodes of, and the binary word associated wit
TypePath describes the type af.

Proof: When we read the first open tag:>, from the
root, we pusht on TagPath, and therefore the property is
satisfied. Suppose the property is satisfied at siaged we
want to show it will be satisfied at stage- 1. In the first case,
we read an open tagt¢> and the previous tag is s> (resp.

Streaming Algorithm (E, k, M ):
0. For the open tag of the root, Push the tag on T'agpath,

</s>). We pusht onTagPath and0 (respl) on T'ypePath: 1. If the current Input is <t> with p the previous tag.
if the induction hypothesis holds for the predecessor: oit 1.1 BPush t to T'agpath,
will hold for u. In the second case, we read a close 4ag> 1.2 If p = <s> then BPush 1 to Width and BPush 0

and the previous tag ist> or </s>. If the previous tag is to T'ypepath,
<t>, the node: does not change, and the induction hypothesis 1.3Ifp = </s> then w++ and BPush 1 to T'ypepath



1.4 If Size(Tagpath) < k and Tagpath(0) =7 (i.e. 2
we lost some tag), BPush Tagpath to Tagbuffer; BPush
Typepath to Typebuffer. !

1.5 Update statistics (as in the algorithm S) a C

2. If the current Input is < /t> with p the previous tag.
2.1Ifp = <s> or Size(Width) = 0 then proceed,
221Ifp = </s> and Size(Width) # 0

2.2.1 If Size(Tagpath)>w then Pop the last w

(8) The buffers before weread </a>

elements of T'agpath and T'ypepath, Pop Width, a
2.2.2If Size(Tagpath)<w then Pop all the elements

of Tagpath and T'ypepath. a

2.3 If the only element of Tagpath is 7, then Push t a C
into T'agpath; replace the top 7 in all the T'agpath vectors
of Tagbuffer with t and replace the top ? in all the T'ypepath
vectors of Typebuffer with 0.

2.4 Recover the statistics: if some T'agpath in Tagbuffer (a) The buffers after weread </a>
is of size k, update the statistics. Update Tagbuffer and ]
Typebuffer. Fig. 10. The Tagbuffers when we recoveon the marked node.

@

,

Fig. 9. A Rabin tree when we recover the tagn the node marked with @ @
the arrow.

Fig. 11. A fork int’ and an error irustat(t) when the streams returns to
the fork.
The figure 9 shows an example, where we recover the

statistics of the small right branches of depth less théom
the marked node. Figure 10 shows the stat@aghbufferbefore . o logh
we read< /a> and after we read /a>. Fork = 3, we recover & could provide a similar boundl + == instead of2k.
the wordaaa of type 01. Let sustat(¢) be the output matrix computed by the streaming
Let ¢ be an unranked tree artibe its Rabin Encoding. For &l90rithm. We prove thatustat(¢) will be close toustat() in
a parametet, there are many small subtrees of depth led8€ worst-case, using the recovery mechanism on small right
than2.k in ¢ and there are long paths if of length greater Pranches. The total memory size is bounded2by as the
than 2k. We call a nodeu in ¢’ a fork if its left and right ”l‘caf'mal number ofl'agpaths in the Tagbufferis less than
successors start two long paths of length greater #iaihe . ) )
Streaming Algorithm may make some error on a fork, as thelLemma 3:1f w is not a fork, then all words of sizé
prefix of the fork has been erased as shown in figure 11. Ccontainingu appear insustat(t). _ _
The main observation is that there are few forks and that Proof: We need to show by induction on the stages of

the errors in the statistics only occur on forks. the algorithm that theTagbuffer andTypebufferare properly
Lemma 2: The Rabin encoding’ of a treet with n nodes Mmaintained. Any word containing which is not a fork along
has at most;=—.n fork nodes. a path of depth less thak will be a T'agpath vector in the
Proof: Consider the worst-case scenario, i.e. the fullagbufferand will therefore be recovered. ]
binary tree of depthi and withn = 2¢. In this case, the Theorem 2:If M = 2k then |sustat(¢) — ustat(n)| < e.n
forks are top nodes between depttand depthd — 2k — 1, Proof: We only generate an error when we return to a
and there ar@?—2* forks. Observe thapd=2k = 24/22k < fork u whose prefix has been lost Fagpath, because of the
FeT-n = ot as2? > k2"t andk = 1. bounded memory. Withl/ = 2k, we will miss some words

B starting on the right branch af only. In the worst-case, the



right successor of: is a full binary tree and we misg*~! If we click on the type in the general statistics, we obtain
words. From the previous lemma the total error is less théme local statistic Istat which describes the density of each
2’“—1.2ki1 n=cn B subwords. This is shown in figure 13 for the ty@H).

Notice that the total memory is used to store the 3 QueuesThe local statistics gives the relative density of the
TagPath, TypePath, and Width of size M = 2k and the words, starting with the highest density. The word (SPEECH,
Tagbufferand Typebufferof size 251, SPEAKER, SPEECH, SPEAKER) accounts &#% of the

words of length4 of this type.

F. Approximate validity

We can test if a streaming file is close or far from a DTD,
by just consideringustat(¢) which approximatesistat(¢). Percentage . The node number is:4339

Streaming Tester If sustat(t) is 2¢.n close to the polytope
H associated with a DTD accept, else reject.

Lemma 4:If dist(sustat(t), H) > 2.c.n thendist(¢t, H) >
Egn.

Proof: We just observe thatdist(t,H) =
dist(ustat(¢), H). We apply the triangular inequality:
dist(sustat(t), H) — |sustat(t) — ustat(¢)| < dist(t, H) < / § ;/’ 2 «\_/
|sustat(t) — ustat(t)| + dist(sustat(t),H) < emn. As The Global Statistics of XML kel
|sustat(t) — ustat(n)] < en, we conclude that if
dist(sustat(t), H) > 2.e.n thendist(t, H) > e.n. |

We can now conclude: Fig. 12. The global statistics of an XML file fdt = 4, with only 5 types

Theorem 3:The Streaming tester satisfies the tester condittrees.
tions.

Proof: If t € DTD, thendist(ustat(t), H) < e.n and
thereforedist(sustat(t), H) < 2.e.n and the tester accepts. If Percentage
t is e-far from the DTD, we reject with high probability by
lemma 4. ]

In practice, we would consider several DTDB;, ...D,,
and associate a polytopd to each of them. We can then
decide which DTD a given streaming file F is closest to, with
a streaming algorithm which uses a finite memory.

87%

8

IV. IMPLEMENTATION RESULTS = ]

We now describe the results on several files from the SPEECH SPEECH SCEME  SPEECH
SPEAKER SPEAKER TITLE SPEAKER

XML benchmark project Http://monetdb.cwi.nl/xml/ up to e e Laos
n = 2.105. The program reads a file name, its DTD and SPEAKER SPEECH TITLE  STAGEDIR
a parameterk and output the statistics. Our current imple- The Local Statistics

mentation fttp://www.up2.fr/xmistrearnbnly implements the
algorithm S with queues of sizeM = 5k with the SAX Fig. 13. The local statistics of trees of typa0 with only 4 words.
parser, after uploading the file. It does not yet implement

the complex recovery mechanism described for the theoretical

analysis. Nevertheless the error remains small. In a futuse scajability

implementation, we will avoid the SAX parser and will not

need any DTD. We will directly read the file as a stream. We now consider the time of the Streaming algorithm as

a function ofn, from n = 5.10% until 2.10°. As figure 14
A. Presentation of the Statistics shows, the time grows linearly in.

We first plot the global statistics, i.gstat,(t), a vector of C. Error Analysis
size at mose'* which describes the density of the subtrees g piotted the relative error as a functionsofor different

of a givgn type. This is shoyvn in figure 12 as a histogram %Iues of M, from M — 2k, 3k, ...7k, and for each case the
decreasing order: the X-axis describes the types of subtr%?r%r appears to be independentrgfas shown in figure 15.

and the Y-axis their relative density. As = 4, the highest \ye made several experiments and increaded the value of
density (3%) is for the type000, followed by 18% on type ;44 ghserve a decreased error as shown in figure 16.
010. There are only 5 types with a significant density out

the possible’, and we conclude that the tree is rather deep.
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Fig. 14. Time of the Streaming Algorithm as a functionraf
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Fig. 15. The relative error as a function of the size

(7]

D. Conclusion (8]

We described a SAX-implementation of the generalized
gram associated to an arbitrary unranked ordered ttrée ]
computed the exadt-gram with a memoryd, the depth of
thre tree, which is too large for a streaming algorithm. THgo]
main result of the paper is to show how to approximateithe
gram with a finite memory of siz2*, the maximal size of the [11]
Tagbuffer which is enough to approximately decide the validy
of any DTD or Schema. The analysis showed that errors atél
made only on forks, nodes in the Rabin encoding with two
long paths of depth greater tha@k. We proved that there are[13]
few forks and bounded the number of possible errors.

(14]

0.3

0.25 N
o AN ~ 378
2 0.2 - 931
= : N\
@ 5142
£ 0.15 S 10229
o N
2 \%\ —~ 50262
< 0.1 . - 100333
H <= 205381

0. 05 S

]
0 ‘ ‘ .
0 2 4 6 8
Memory/k

Fig. 16. The relative error as a function 61.
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