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Abstract

We analyze the existing rank computation methods for the Web using a notion of rank flows and
focusing on the methods for authority rank computation. We then propose a new model, called the
voting model, for computing various ranks of Web pages that can be used by a search engine to
better estimate the quality and relevance of the Web pages. The proposed model has a number of
advantages over the surfing model used in the Google search engine [4]: it subsumes the surfing
model providing natura trivially converging computation of more different types of ranks, as well
as easier extensibility, faster personalization, and finer control over its parameters, due to its
conceptual ssimplicity. The voting model also provides a new meaning for the parameters and the
results of the Googl€e's surfing model.

Keywords: Search Engines, Web links, Metadata, Ranking Web Pages, Google.
1. Introduction

It iswell known that the Web poses a challenge for locating quality information: the ease of
publishing on the Web |leads to enormous diversity of the accessible information in topic, quality,
presentation, style, etc., aswell as astonishing growth of available data. Traditional information
retrieval techniques employed by most major search engines rely almost solely on the text of the
Web pages viewed separately and are notorious for their inability to adequately rate the relevance
and quality of all the numerous pages that are potentially relevant to the user's query [6]. Thus,
new methods to improve the ability of usersto locate relevant information on high quality Web
documents become increasingly important.

Innovative information retrieval methods such as those used by the Google search engine [1,4]
and the Clever project [2] try to use structural information present in HTML documents and more
importantly the non-local link structure of the Web, thus leveraging the distributed knowledge of
many Web page authors reflected by the link structure. The main idea of link-based approachesis
that links generally signify approval of the linked document and its relevance to the topic of the
linking document. It is therefore possible to compute some approval, popularity, or quality ranks
of a page based on Web connectivity. The link structure analysis employed by Google and Clever
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mechanically produces very impressive quality/rel evance/importance judgments compared to the
traditional search engines[4,3].

In this paper we first discuss different link-based rank computation methods proposed in the
literature and analyze them using the universal notion of rank flows. We then concentrate on
methods to determine authority ranks: First we review the PageRank method [10] used by

Google [4] by focusing on the underlying model (called the surfing model here) and the meaning

of its parameters and results. Next we propose a new authority rank computation model: the
voting model. The new model possesses a number of advantages over the surfing model used in
the PageRank method: It isabit more natural and easier to understand. It subsumes the surfing
model, thus allowing us to analyze the latter from a different viewpoint. It is more flexible,
extensible, and personalizable. In particular we present its extensions to support generation of
jury-style absolute scores with confidence and to support links representing disapproval (only a
subcase of the latter extension can be retranslated back into the surfing model). The new model
also allows for easy collection of many different types of rank statistics through trivially
converging computation.

2. Rank Flow Model

A common theme of the link-based information retrieval methods for the Web is that they
compute some ranks of Web pages that reflect quality, relevance, or importance of a page. The
ranks are computed following some flow model: the ranks flow aong the links among the
documents.

2.1 Types of Rank Flows

We can distinguish the following types of rank flows:

Authority rank flow
It flows forward on links: if page A pointsto page B , then mostly that means that the
author of A thinksthat B isrelevant to (or good on the topic of) A , hence A gives
some of its authority to B .

These ranks are about what pages are of high quality or relevance or are popular. Thisis
also about how frequently one reaches (is recommended) a given page when exploring the
Web for the desired information [10]. This kind of flow is used in the Google search

engine[1]. 1

Resour cerank flow
It flows backward on links: if page A pointsto page B, then A contains the information
from page B to some extent because B can be easily reached from A . 2

These ranks are about how easy it isto reach good relevant information starting from a
given page. Thisflow was proposed in [7]. Its variation that stops after following one link
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isused in the Clever project [5] to determine what are the good hub pages. 3 Note that for

this flow we need some precomputed measure of relevance (e.g. authority ranks) to start
with.

Authority determination rank flow

It also flows backward on links: ifpage A pointsto page B thus giving a certain amount

of authority rank to B , then A has the deciding power over B 'srank to the
corresponding extent. This backward authority determination flow allows one to determine
the sites whose word (links) contributes most to the ranks of pages we started the flow
from. Note that here we again need the authority ranksto start with.

These ranks are about how influential a given page really isin the community, whereas
authority ranks are about pages' potential degree of influence. 4

2.2 Related Work

The two major link-based rank computation algorithms that have been successfully applied in
practice are the PageRank method of Google [10,1] and different variations of the Clever
algorithm (initially known as HITS) [5,2,3]. The PageRank method (see section 3) is used to
compute authority-like ranks according to its surfing model for all the documents a search engine
has crawled. These ranks are independent of the queries, i.e. a page gets high rank if linked from
many high-ranked pages. The Clever algorithm computes authority and resource ranks using an
iterative method that relies on the current estimate of authority ranks for the next estimate of
resource ranks and vice versa. Pages get high authority ranks if linked from many pages with high
resource ranks, which are called hubs. This agorithm considers just a small set of Web pages that
are relevant to the query and obtained using a traditional search engine.

We argue below that the special iterative treatment of hub pages to generate authority ranksis not
needed when authority ranks are computed using most of the relevant Web pages that exist.
Therefore authority ranks can be computed by themselves without relying on estimates of other
types of ranks, and the ranks of other types can then be computed from fixed authority ranks.

Good hubs are pages linking to many good authorities [5]. If we compare Web documents to
research paper publications, hubs can be regarded as overview papers that in the paper-publishing
case do not usually get published because they carry too little *"content” as perceived by the
reviewers. More generally, really good hubs correspond to comprehensive overview papers,
journals, conference volumes, and libraries, but journals and conferences usually have their name
established through long hard work, not just right away by lumping known good papersin the first
Issue, which iswhat needs to be done to create a page satisfying the definition of a good hub.
These arguments suggest that hubs should be considered as just regular authority sources for
authority ranks that are no different than other pages. That is, if ahub isreally good and popular it
will get its authority rank boost from the many links pointing to it.

The reason hubs are used in the Clever algorithm appears to be that it operates on avery small
sample of the Web, in which case the hubs would not get the authority rank boost they usually
deserve because the many pages (transitively) pointing to them are not usually present in the set
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of considered pages. Hence, to get better results, hub importance hasto be artificially boosted in a
way that is sufficiently consistent with the authority ranks they would get if we had considered a
bigger subset of the Web. Another argument against hubs is that they are easily reproducible by a
single person, hence opening the door for rank manipulations. 2

Although the list of pages with the highest authority ranks presumably is the best hub (which then
implies that we do not need hubs at all), it might not exactly be the best one becauseit is
mechanically compiled, and not manually constructed with a coherent vision. Hence, a search
engine should list good hubs in search results, as thisway it directs traffic to good
manually-composed resource compilations and encourages peopl e to create more good resource
collections, which improves Web connectivity and hence the quality of the results of link

connectivity analysis. & Also some hub-like ranks might be valuable for classification as they can
be used to provide co-citation statistics.

Acknowledging the importance of authority ranks, in the rest of the paper we mainly discuss the
methods to determine authority ranks of a set of nodes N linked to each other when the links

can represent different kinds of opinions of a node about other nodes. A node ® for ssimplicity
represents the largest unit that can be ranked: an independent Web page authoring entity. We
mostly ignore the problems of determining the boundaries of such entities, taking into account
their composite representation by a set of pages, and representing or extracting different opinions
we associate with links.

3. Surfing Model

In this model there are surfers that go from one node to another using the links and the more
surfersanode ""has', the higher its authority rank. This model wasfirst proposed in [10], where it

is called therandom surfer model.

3.1 Description

Initially there is a certain number of surfers (we use |N | surfers 7 that can split themselvesinto

fractional surfersto follow different paths). They areinitialy distributed evenly among all the
nodes if we assume that all nodes are a priori equally popular. We represent these initial surfers

by the column start surfersvector § = (sp) suchthat 3 -y 8n = |N|, sn € [0, |N]]

form € N ,andbelow weassume &,, = 1 for m € N if not stated otherwise.
The surfers then travel along the links dividing themselves according to propagation fractions

associated with the links. We represent these propagation fractions by surfer propagation matrix
P = (p,, ) suchthat p, . € [0, 1] isthefraction of surfers directed from node =/ to
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node # and E"E i Pnw € [0,1] forany m* € N , that is, for each node the propagation

fractions of its out-links form (an incomplete 8) probability distribution. We will call such
matrices (incomplete) column distribution matrices (column distribution matrices are known as
column stochastic matricesin the literature). 2 Note that it is possible that a node directsiits
surfers back to itself, and that it directsits surfers equally or not-equally along all or its out-links.
(The original PageRank method [10] divides all the surfers equally among all the outgoing links.)

3.2 Computation

We can compute the authority ranks (represented by the column rank vector J) asthe number
of surferslocated in a node after (infinitely) many propagations starting from theinitial
configuration: 10

R=P:-:----P.5§

The problems with this computation are that first, if there are out-links from a group of nodes and
no in-links then all the surfers will eventually leave these nodes. Second, if there arein-linksto a
group of nodes and no out-links then all the surfers entering these nodes will not be able to leave

this node group. They also might eventually disappear if some of these nodes do not propagate all
the surfers they have.

To compensate for the loss of surfers due to unpropagated surfers one must either add new surfers

into the system before each propagation or require that 2 is column stochastic. To solve the
above surfer |eakage and capturing problems one can down-scal e the propagated surfers by an

exploration probability ¢ andadd 1 — e timesthe current number of surfers back into the

system (using & asthe distribution) to compensate for the loss of surfers caused by the
down-scaling.

Hence, if 2 isacolumn distribution matrix, & is (element-wise) positive, and ¢ € (0, 1),

then we can compute the ranks iteratively until we reach a fixpoint using the following formulas:

Ra=5
Riis=eP-R;+(l—¢) 85

In fact, we always reach afixpoint such that Jo, isthe maximal eigenvector of

e P+ Iﬁl 51T that corresponds to the maximal eigenvalueof 1, where 1 isthe
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vector consisting of all ones: Wecanrewrite ¢ P - R; + (1 —¢) § as

(¢ P +Iﬁ1 5-17) - R; when ||R;||1 = |N| forall ¢. 11 Because

e P+ Iﬁl 5+ 1T isapositive matrix, it is primitive and irreducible and the above iterative

method, which is avariant of the power method for computing eigenvectors, computes the unique
(up to amultiple) maximal eigenvector that is positive and corresponds to the maximal eigenvalue

that is positive. In addition, because ¢ P + Iﬁl 51T iscolumn stochastic ( I%l 517
is), the maximal eigenvalueis 1 (these are all standard results, see e.g. [9]).
When P is an incomplete column distribution matrix, we can compute the ranks as the principal

eigenvector of the same matrix as above, except that its eigenvalue is going to be less than 1
requiring usto normalize-up H; at each iteration step, so that we can prevent the fixpoint o

from becoming a zero vector. The algorithm in thiscaseis

Fog=8§

Riyis=a;(e P-R;+(1—1¢)5) (1)

where a; issuchastomake |[Rit1|lx = |N].

A similar, but dightly different result can be obtained by the following modified method (it was
also proposed in [10]):

Rn=5
Rijgi=e P-Ri4+a;5

where a; issuchastomake |[R;41|[s = |V]. Thedifference hereisthat we compensate for

the loss of unpropagated surfers by adding surfers proportionally to &', rather than by
consistently increasing the number of surfersin each node by the same factor. This computation

finds (when it converges) the eigenvector of ¢ P + I%l 51T  where @ issuch that the

eigenvector has the eigenvalue of 1. 12 But the unmodified method (1) seems to be better
because of the cleaner eigenvector semantics and properties and the fact that it has a more natural
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rank |oss compensation: it increases the current ranks proportionally rather than by addition.

3.3 Analysis

In the case of the unmodified method (1), the exploration probability ¢ (called damping factor
in[1]) isthe probability of a surfer continuing using the links in the current node to get to the new

one instead of choosing a new starting node according to distribution I%l 5 .Hence, ¢

regulates the relative importance of & versus JF , it also determines the distribution of the
number of links traversed by a surfer before it decides to start over from a random node according

to §.

Under any of the above rank computation methods I%I R, hasadefinite meaning: itisthe

probability distribution of arandom surfer being at the corresponding node at the beginning of
each iteration after infinitely many surfing iterations. But thevalueof R = P » R, instead

of thefixpoint J,, itself seemsto be the best reflection of the authority ranks, which are

supposed to reflect how good each nodeis:

« When P isanincomplete column distribution matrix, ||JP = B |2 will be accordingly

smaller than |N|.

. PR, inasenseislesspolluted by thetechnicaitiessuchas ¢, (1 — ¢} §,and a;

that we have used to compute the fixpoint: if we have two nodes and a column distribution

matrix P = (g; g) ,thenfor ¢ = 0.5 wegetthat R, = (2i$) and

0.053

i 947) .Therankin P - R, forthefirst nodeismore natura

P Ra=(

because according to P the first node directs to itself only 10% of the surfer it initially
has, thus its rank must definitely be lessthan 0.1 .

« Insection 5 below we will give another well-defined meaning for Hg and P - R4,

showing that they both correspond to valuable characteristics of the nodes, though o, is

an approximation of a more precise characteristic.
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4. Voting Model

In this model nodes have a certain number of votes at their disposal. A node can distribute the
votes it has among other nodes (including itself) either by assigning a portion of the votesto a
destination node, or by giving a portion of the votes to a destination node for the latter to decide
how to distribute it. The authority rank of anode is then the number of votes eventually assigned
to it. The votes we use can be fractional. This model is a generalization of direct and
representative voting system: anode can use its votes directly or can give them to arepresentative
to manage on behalf of the node; any representative in turn can also use all the votes it gets either
directly or indirectly by giving them to another representative.

4.1 Description

Initially each node has a certain number of votes: We use the total number of || votes. We
represent these initial votes by the column initial votesvector & = (g,,] such that
2onew 9n = |¥]. g, €[0, [N]] for n € N, and below we assume g,, =1 for

n € N if not stated otherwise, that is we usually assume that all the nodes are equal a priori.

The votes a node has are then divided and transmitted along the links between the nodes with the
result of being either assigned to a node or trusted to a node to manage. 13 We represent these vote

propagations by the vote assignment matrix & = (@n ) and thevotetrust matrix
T = (tnw) suchthat anwm € [0, 1] isthefraction of votes assigned to node # by node
n’, b € [0, 1] isthefraction of votestrusted to # by #', and

E"El[ﬂnn" +tnw) €[0,1] forany m? € N, that is, for each node the trust and

assignment fractions on its out-links form (an incomplete) probability distribution. We will call
these two matrices (incomplete) vote distribution matricesin these respective cases. Incomplete
matrices correspond to the cases when some nodes waste some fraction of the votesthey are
given. 14 Note that it is possible (and natural) that a node assigns some votesit hasto itself, and it
Is also possible (but not natural) that a node trusts some votesit has back to itself.

Note that the elements of the trust and assignment matrices need not be explicitly specified by the
nodes (though they sure can be): for example in section 5 we will show what values can be given

to these matrices using just the existing links as the input to exactly emulate the surfing model for
example.
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4.2 Computation

We can compute the total votes eventually assigned to the nodes (represented by the the column
votevector ¥ ) in the following way:

Vn=ﬂ

UD=G
Viia=V,;+A-U;
Uipa =T U;

where 0 isthe column vector of all zeroesand TJ; isthe vector representing the number of

votes given to each node to manage on the t 'th stage of the computation. The vote vector ¥ is
thenequal to Vg .

One possible problem with this computation is that if thereisaloop in the graphinduced by I
with all the edges marked with 1, then we will not be able to reach a state when If g = 0

(which iswhat happens otherwise). To remedy this we can introduce avote transfer degradation
factor d that isslightly less than one and use Uipr =d T - U, instead of

Uipar = T - U, (such degradation factor is also good to have if we want to encourage nodes
to assign the votes directly rather than entrust them). Or we can stop the computation when

Ui 41 getscloseenoughto LF; (inthis casethiscyclicly trusted votes are wasted). Or we can

aso requirethat I should not have elements that are equal to 1 (which isanatural thing to do:
it is reasonable that a node does not trust all its votes to just one other node, it can assigns at |east
some fraction of votes to itself).

Note that, unlike the computations used in the surfing model, this computation scheme, as well as
Its extensions, has very easy to ensure and verify convergence conditions. The reason is that we

just transfer and assign the initial votes accordingto I' and .4 until the not yet assigned votes
LJ; getcloseenoughto 0, whereasin the surfing model all the surfers get reshuffled at each

iteration and we have to reach afixpoint.

4.3 Simple Vote Statistics

In the voting model one can also compute various vote statistics other than the authority ranks: An
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important statistic is the number of votes a node has managed (by trusting, assigning, or wasting
them), we represent this by the managed vote vector MM . Then the dlementsof M — Gigive

the total numbers of votes trusted by othersto the corresponding node. In the rest of this section
we see how to compute M (computing other statistics on the way).

= -t

An approximation of M isgiven by the repeated managed vote vector & = Ei:u ;.

is always element-wise greater or equal to M because it may count some votes more than once
if there are trust loops in the graph induced by T .

Dp; = AT - 1 isthedirectly assigned vote percent vector: its elements are the percents of

votes a node has that are directly assigned by it. Similarlly, We = 1 — (T + A]T - 1 isthe

directly wasted vote per cent vector : its elements are the percents of votes a node has that are
directly wasted by it.

D=DgoC=(AT 1)@ (L2, U, isthedirectly assigned vote vector: its

elements give the total number of votes directly assigned by the corresponding node. 12 Similarly,
W = Wy @ C isthedirectly wasted vote vector. Notethat |[I¥||; = |N| and

||¥W]|1 =0 when & and T arevote distribution matrices (that is, when

(T+A4)7T-1=1).

Let us introduce two sequences of matrices: the t -step uncycled trustedness matrix J; and

the 5{ -step uncycled trustedness matrix JE'; : they are defined by

Eu =1
Bip = (B T
Bei = Dimo B

where I istheidentity matrix (has zeros everywhere except the diagonal of ones) and Bail IS
B with al the diagonal elements set to zero. The m, n’ element of E; (respectively HE¢;)is
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the fraction of votes trusted without cycles 16 along all paths of length exactly t (respectively at

most t ) from the node m to the node n* .

These trustedness matrices can be used to get the following statistics:

The t -step assigned vote per cent vector Do .= Fej- Dy

The 1 -step assigned votevector Iy = Dy ; @ C = (B¢i "Dy ) © C

These are the numbers of votes such that the respective node had them at some moment and

they got assigned after being first managed by that node after following up to t re-trusting
steps.
The 1 -step wasted vote percent vector W ; = F¢i- W

The 1 -step wasted votevector W, = W, @ C = (F¢; W) @ C

These are the same kind of votesas L}; , except that the votes eventually got wasted
instead of being assigned.

The t -step managed vote vector

M;=Di+W,=(F¢i (Dy+WgllOC

The total managed vote vector

M=Mu=Du+Wa=(Bcw(Dy+Wg))0C

Notethat D = Dleo, =D, W =Wp,and Wy = Wy,

Hence, thevector B¢ oo = (D' + W) givesthe node-wise coefficients to down-scale the

repeated managed vote vector £ in order to compensate for the repeated counting due to the
trust loopsinduced by T .

The problem with computing the above statistics liesin evaluating J; for large values of t : if

there are many long pathsinduced by I" then each E; 41 can potentially contain twice as

many non-zero elementsas K . This can cause the matrices we have to work with to become

non-sparse, hence it will be very expensive to do the computationswhen | N | isvery large. A
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possible solution is to make some elementsin K, that are close to zero into zeroes at each

iteration. Thiswill result in inaccuracies in the final results we compute that depend on which and
how large non-zero elements we turn into zeroes. The cheapest way when we need just the value

of B¢ (Dle + W) istosimply approximateitby 1.

Summarizing, we can get such valuable statistics in the voting model as

« Thevotevector ¥ o , which shows how many votes each node eventually got and

reflects how good the node is.

« Thetrusted votevector M — &, which shows how many votes each node was trusted

by others and reflects how influential the decisions of this node are for the vote distribution.
17

« The managed vote vectors Mg, M 4 , ..., which show how many votes were assigned (or

wasted) by the respective node directly, directly and indirectly by the immediately trusted
nodes, and so on. They reflect (especially when compared to M ) how active the nodeis
in determining the final destination of the votesit is trusted with. 18

« Thewasted vote vector W o, , Wwhich shows how many votes were wasted as the result of

the decisions made by the respective node and in a sense reflects how indifferent the node
isto the voting process (different ¥¥'; 's can show finer details).

4.4 Extended Vote Statistics

An interesting extension is to compute for each node some measure of vote diversity by looking
up the originators of the votes and seeing how diverse they are, aswell as by looking at the paths
the votes have traveled (it is also interesting to know the exact number of all the originators, as
well as that of the intermediate nodes).

Another interesting statistic isto see what kind of nodes (immediately) directed the votesto a
given node (with high vote value): e.g. are they many nodes with small managed vote values or
are they afew nodes with high managed vote values. Thiswill give a measure of how directly or
indirectly the nodes have contributed their votes to the given node.

Note that many of the discussed statistics reflect very different yet important characteristics of a
node and they can be used separately or combined using some (task-specific) statistic aggregation
function to yield a compound rank value.

file://IC|/WINDOWS/DESKTOP/rankcomp.html (12 of 25) [1/15/2000 8:51:43 PM]



Rank Computation Methods for Web Documents

5. Connection Between the Models

An important point is that there is a strong connection between the ranks computed using the
surfing and the voting models:

Theorem 5.1 If P isacolumn distribution matrix, then the surfer rank fixpoint g
computed using the (modified) eigenvalue method with exploration probability ¢ € (0, 1) and

some start surfers vector & isequal to the directly assigned vote vector I} computed for
T'=¢P and A =(1—e¢) P with G =5 andno votetransfer degradation; also in this

case we have that
1.

Dg =(1—-¢)1
2.

D=(1-e)C=(1-¢) )2, U

1C1ls = 52y

the surfer rank vector B = P - R, isequa to thevotevector ¥ o
Proof.From Digy = AT -1 weget Dy =(1-¢) PT.1,0ut PT+-1=1 pecause

PT Is a stochastic matrix. This provesitem 1. Items 2 and 3 then immediately follow from
item 1.

To prove theinitial statement of the theorem it is enough to show (by uniqueness of the maximal
eigenvector) that I} satisfiess D =¢ P- D+ (1 — ¢) §. Wehavethat

I

(1—¢) ZZoUi
(1-e)I+¥2,T)-G
l—e)(I+52, ¢ P).§
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then

e P-D+(1—¢)5

e P-(l—e)(IT+3 72, P'] S5+(1l—¢)S

(1 —e)(e P+E._1='+1P'+1] S+(l—¢)5

(1 —e) (I — I+E,_1='P'] S5+(1—¢) 8
[1-:][I+E,=1='P'] S—(1l—e)I-5+(1—-¢) 5
D

Item 4 now follows from the following:

Ve =A- 32 Ui=(l-e)P- T2 Ui=P-D=P-Rq.

This connection between the models 19 shows that
« The surfing model is a subcase of the voting model for surfer propagation matrices that are

distribution matrices. (Thisisthe natural case, used in the Google search engine[1,4].)
« Theexploration probability ¢ isthe fraction of the votes (authority ranks) that a node trusts
the destinations of its out-links to manage, whereas 1 — ¢ isthe fraction of the votes

(ranks) a node assigns directly to the destinations of its out-links.

« Therank fixpoint H., computed in the surfing model gives the total number of votes

directly assigned by the respective nodes, hence it combines the overestimation & of the

measure M of how trusted anode is (how many votes are trusted to it) and how
self-acting the node is (what fraction of the votesit assigns directly rather than delegating

the assignment - for the surfing model thisfractionisfixedto 1 — & ). Hence, in the

surfing model R, isproportiona (with ﬁ)to the overestimation < of the total

number of votes trusted to the respective nodes.

« Inthe case of the surfing model this trust-assignment split is set for all the nodes uniformly
by the model (in the case of the a Web search engine by those who run the rank
computation algorithm). In the voting model each node can itself potentially set the
trust-assignment split individually for each of its out-links. (In practice this can happen
when we have few metadata extensions of the current standards that can be used by Web
page authors to specify that trust-assignment split. But it is also possible to extract some
hints about the intended trust-assignment split from the text surrounding the links.)
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« Thesurfing model isabit unnatural in that it corresponds to the voting model where each
node trusts some fraction of the votesit has back to itself to redistribute these votes again
and again. Hence we can construct a more natural model that uses exactly the same data as

the surfing model by letting I'=¢ P and &4 = (1 — ¢) P except that we clean

T"'s diagonal adding those ““self-trusts’ to .4 's diagonal.

This connection between the models gives us a very different but well-defined interpretation of
the only parameter ¢ and the main results Ry, and P - K, of the surfing model, allowing

one to look at the surfing model from another viewpoint.

Note that it is not clear how to compute al of the statistics of the voting model described in
sections 4.3 and 4.4 for the case of the surfing model (an example is the managed vote vector). In
general the voting model seems to be better suited for collection of various statistics asit relies on
simple direct iterative computation where at each iteration smaller and smaller corrections are
added to the result, whereas the surfing model is based on fixpoint iterative computation with
nontrivial convergence criteriawhere at each iteration all the results are recomputed.

6. Extending the Models

6.1 Scores with Confidence

In the voting model the only way a node can directly influence the rank of another nodeis by
changing the fraction of votesit directs to that node. A natural extension to isto let the nodes
apply their votes to say that the destination node should have a certain score that reflectsits
quality on some predefined scale. The node can aso specify its confidence in that score estimate
(low confidence score estimates will be superseded by high-confidence ones). In this case we can
easily compute the overall score estimate of the node as determined by all the votes, and the
overall confidence in that score, as well as the total number of votes spent to determine the score.
This approach combines the voting model with the way a sports jury or a conference review
committee ranks athletes or papers on some absolute scale, except that in our case the relative
weight of each jury member isthe fraction of votesit has that it wishes to spend to rank the entity
In question.

In addition to the vote assignment matrix .4 in this case we have the scor e assignment matrix
As =(agpy) suchthat ag, » areinsay [0, 1]and the score confidence assignment

matrix Ag = (agpw)suchthat agy,w € [0,1].2

The score-confidence-vote computation is done by the following formulas:
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Vo=10 Vevo=0 Vseve=10
Uu= &

Vipa =V, + 4T,
Veviga=Vevi+t(4c 0 A) - U;
Vsevipa=Vsevi+(4dsQ@Ac @A) -U;
Uip1 =T - U;

Thefina scorevector Vg isthen Vgowv o @ V gv o andthefina confidence vector

Ve isthen Vov g @ Vo , where @ iselement-wise matrix division. 21

We can see that the score shows the overall community estimate of the ""goodness” of the node.
The confidence shows the overall explicit confidence in the score as expressed by the voters. The
number of votes used to determine the score shows how reliable the score and the confidence are
(i.e. how much the node community is interested in getting the right value of the score and the
confidence or how much the ranked node is known).

It seems to be impossible to model this extension of the voting model by some extension of the
surfing model because in the latter the vote trusts and assignments can not be separated (which is
what is needed for the scores with confidence extension) as they are just different fractions of the
same matrix.

6.2 Negative Opinions

Another valuable extension is to allow the nodes to express some sort of negative opinions. we
can have negative vote assignments (when a node votes against a particular node) and we can
have negative trust (when a node gives negated votes to a representative to manage; this
corresponds to not supporting all the decisions of the representative 22).

6.2.1 Simple Voting Model

For the case of the voting model without the scores and confidence, we can implement negative
opinions as follows: Instead of the vote assignment matrix A& and the vote trust matrix I' , we
have the positive vote assignment matrix A_|. , the negative vote assignment matrix 4 _ ,

the positive vote trust matrix T_|. , and theinverting votetrust matrix I _ , such that all
their lementsarein [0, 1] and 37 yplat, o ta—p o Hig, o i L) €0,1]
forany m? € N (that is, al the votes anode has, it must either distribute between these four

types of voting or waste). The results we are computing then consist of the positive vote vector
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V' 4 and the negative vote vector ¥ _ (elements of both of them are always non-negative)
and the computation is done as follows:

A
to = — =
Vi =V t4a U AU,
Utipa =T U+ T_-U_,
Uipr=T--U;+ T4 U

Then ¥V 1 — ¥V _ givesthe absolute number of votes received by the node (it can be positive or
.|.

negative and can be seen as avote score) and V.|. + ¥V _ givesthetotal number of votes that
have contributed to the above vote score.
6.2.2 Voting Model with Scores

For the case of the voting model with scores and confidence, we set the score range to say
[—=1, 1], where 1 correspondsto ““completely good node" and —1 , to ““absolutely bad node".

Then, instead of .4 , we have the score assignment matrix .4 g divided into the positive one

As.|. and the negativeone A4 g_ , and the computation is done along the similar lines:

Vo=0 Veovo=0 Vsovp=0

Up,=G U_,=0

V.’+1 =V,+A- [U.'.l + U_lr]

Vevipir=Vev, t(Ac @ A)- (U4, +U_;)

Vsevipi =Vsevi+((Asy —As_ )0 4c 0 A)- (U, -U_))
Utipa =T U +7T_ U,

U1 =T Ui+ T4 U,

Hence, the negative opinion voting model without scores and confidence corresponds to the one
with where the assigned absol ute score and confidence are always equal to one.

Note that the negative trust opinions are very strong: the node objects to all decisions of the
negatively trusted node. 23 These opinions can also be seen as an indication of the fact that the
first node believes that the second one got more support in trusted votes than it deserves, hence

file:///C|/WINDOWS/DESKTOP/rankcomp.html (17 of 25) [1/15/2000 8:51:43 PM]



Rank Computation Methods for Web Documents

the first node directsto it some anti-support. If a node gets more anti-support than support, it ends
up hurting the scores of the nodes is was supporting, except for increasing their coverage statistics
(i.e. the total number of votes used to determine their scores). Implementing a voting model that
permits nodes to also reduce the coverage in such cases seems to be unreasonable: if a node thinks
that some scores are wrong and must be corrected, their correction should lead to the increase of
their coverage statistics as some votes were used to do the correction. The other choice for such
node isto just leave the offending scores alone so that they stay wrong but still have small
coverage (which reflects their low reliability).

6.2.3 Surfing Model

It turns out that a certain subcase of the voting model with negative opinions but without scores
and confidence can be represented in a corresponding extension of the surfing model. We divide

the surfer propagation matrix J? into the positive surfer propagation matrix P_|. and the
inverting surfer propagation matrix J?_ , such that all their elements are non-negative and
and 3 ewlpy ., to__ ) €[0,1] forany n’ € N . Wethen compute the positive

rank vector R and the negativerank vector F_ asfollows:

220
—0 =
Ry, ,=ai (e (P4 "Ry +P_-R_]J+(1—¢) 5)

R_,,=aj¢e(P_--Ry;+ Py R_))

where @, issuch asto make ||R.|..r+1 +R-.'+1||:l =1 (a; willbe 1 foral t'sif

P, + P_ isacolumn distribution matrix).

Again there is a connection between this surfing model and the corresponding voting model: If
P, + P_ isacolumndistributionmatrix, 'y =e¢ Py, T_=e¢P_,

Apr=(1—-¢)Py, A_=(l—-¢)P_, and G=5, thenwehavethat thevote
scoreestimate V. — V__ isequato (Py —P_) (R4, — R__);thevote

coverage V1, +V_, isequato (P +P_)-(Ry, +R__); axdwehave
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the following equations for the rank fixpoints: Ry —e) 2itaUs,;,

w=1—¢) L2gU_;, Ry, —R_ =(l-¢) L2 Ut;-U_;).

24

6.3 From Nodes to Documents

In practice the nodes that we have worked with and represent different autonomous authors, are
composed of many connected Web pages, hence we have to extend our methods to handle such
many-document "~ nodes". Below we will concentrate on the needed extensions for the voting
model.

The requirements are that

« Thenumber of documents by the same author and the number of times a certain vote
trusting, vote assigning, or other opinion is expressed in these documents should not affect
the impact they make.

« Other authors should be able to assign votesto (i.e. rank) individual documents.

« It should be easy for the authors to manage the votes they are trusted with, in particular to
collect these votes and distribute some of them among their own documents.

The proposed implementation method is as follows:

« When assigning votes the authors indicate the document, hence we will have the
assignment of votes to individual documents (they can be easily combined to see how many
votes all the documents by a given author have gotten).

« For the purposes of vote (re)trusting we consider all documents by the same author as one
virtual document, so that all the trusted votes (including the initial ones) are given to the
virtual document as awhole and are assigned or trusted to other authors or assigned to a
particular page of the author itself from the virtual document as a whole (hence, neither the
number of documents by the same author nor the number of links in them changes the
computed ranks).

6.4 Search Engine Persuasion

An important issue of search engine technology is search engine persuasion when the ranks
computed by the search engine can be purposefully manipulated by serving certain kind of pages
to the search engine. As[10] indicates, link-based ranks are generally much less vulnerable to
mani pulation than traditional text-based ranks. The previous section addresses the question of
rank manipulation by a single author, but for any liberal way to determine the authorship areait is
still going to be possible to serve pages corresponding to many fake authors. Thus, we need a way
to mitigate the effect of rank manipulation caused by fake authors.

Rank manipulation can be suppressed by down-scaling the initial votes the authors are given
according to the number of authors found on hosts with the same (or very similar) IP addresses. 22
This method might sometimes down-scale the initial votes of some real non-manipulating authors,
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but it is not going to prevent such authors form getting many supporting votes trusted by others.
Note that this extension can be implemented along the similar lines for the surfing model by
down-scaling certain start surfers vector values.

6.5 Personalized Statistics

The ranks computed using both the voting and the surfing models can be customized by changing
theinitial number of votes given to the authors (respectively by the number of surfers starting
from the documents of certain authors [10]). For example, one can dramatically increase the

number of votes (or surfers) given to one's own homepage to get personalized ranks.

The important difference between the two models here isthat in the surfing model al the ranks
have to be recomputed using the iterative eigenvector computation, whereas in the voting model
only the additional votes (i.e. vote differences) have to be propagated along the trust and
assignment links to get the differences of the votes assigned to the affected documents. However,
the changes will be wider when the effects of vote assignment and especially trust opinions made
by the authors whose votes are changed are large.

7. Conclusion

In this paper we have presented a new model, the voting model, for computing various ranks of
Web pages to be used by a search engine to better estimate the quality and relevance of the Web
pages for various user needs. The new model possesses many advantages over the surfing model
that is used in the most successful link-based search engine Google [4]:

« It subsumes the essential subcase of the surfing model.

« The computation needed for it or its extensionsis trivially converging (convergenceis
crucial to claim meaningfulness of the produced ranks): Only simple finite vote delegation
has to be done rather than an iterative eigenvector computation with non-trivial
convergence criteriathat is needed in the surfing model.

« Duetoitssimplicity, it allows for more statistics and for easier statistic computation, as
well as permits more extensions (e.g. scores with confidence) and allows for faster
personalization of the results, which potentially leads to the ability to build a
comprehensive search engine service non-trivially personalized for each user.

« It givesall theflexibility to the Web page authors: those who run the rank computation can
provide some default values of the parameters influencing the ranks, but the authors can
always override them. 26 Whereas the surfing model's important parameter is under sole
control of those who run the rank computation.

We have also considered different existing Web page rank computation models under a unifying
notion of rank flows, aswell as analyzed the surfing model of Google. In particular using the
proposed voting model we gave another meaning of the parameters and the results of the surfing
model and developed its extension to handle links signifying disapproval. We have aso covered
the issue of search engine persuasion for both models.

Although the true power of the proposed voting model requires various metadata that are
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currently not present on Web pages, we believe that it isimportant to study useful extensions of
Web metadata standards and new techniques to exploit them, so asto radically improve the
quality of information retrieval services on the Web. In particular we are working on a proposal to
extend metadata of HTML/XML and the corresponding search engine infrastructure to support
the ability of Web page authors to specify their ““opinions' about documents referenced in their
pages, as well as on methods to extract such data from existing Web pages. We are also working
on extending the proposed voting model to support an Internet document taxonomy that itself can
be created by Web page authors in a decentralized fashion.

The key advantage of the voting model is that it supports both the surfer model that has been
proven today and a more general metadata standard that could potentially further enhance the
effectiveness of Web page retrieval in asingle framework, and thus provides a smooth migration
path for search engine implementations to move the Web towards a much more organized and
valuable information service.
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Footnotes

L[1].1

Actually, this flow can be subdivided into two types: one is when page A assigns some of
its authority to B stating that B is good, and the other one, when A gives some of its
authority to B to use as B wishes. Thisdivision isthe foundation of the voting model
proposed in section 4.

A2

But if there are too many linksin A , then it can be difficult for the user to locate (hence
“include”) page B [7]. A persona assistant augmenting Web pages can help the user here.

... pages.3
See [7] for aproposal on how to fade this rank flow when we traverse more than one link.

... influence4

The idea of thisflow seems to be new, though later we will see that the ranks defined by the
PageRank method of Google [10] actually correspond more to authority determination

ranks rather than to authority ranks.
... manipulations.2

This has not been areal problem as there are no widely used implementations of Clever,
hence there is no incentive for such rank manipulations.

... analysis.6
The idea of author incitement using search engine bonuses was proposed in [8].

... surfers/

|| isthe number of nodesin N .

... incompleted
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In the sense that the probabilities sum up to less than one.
.. literature).2
It isnatural to have P asacolumn distribution matrix, also an incomplete column

distribution matrix can be naturally completed by adding the missing fractions to the
corresponding diagonal elements.

.. configuration:19

We will use * for regular matrix multiplication.
e

||B]1 isthe 1-norm for vectors and matrices: [|B|[1 = ¥, ; [B ] for
B = (b;;).
122

Clearly this computation yields the same results as the unmodified method (1) when P is
a column distribution matrix.

.. manage.13

It is also possible to have a model where e.g. a hode can specify how many times the votes
it trusts can be "retrusted”. We do not consider such models here as they do not seem to
add much value over the basic model.

.. given.14
Itisnatural tohave A& and I' asdistribution matrices; aso incomplete vote distribution
matrices can be naturally completed by adding the missing fractions to the corresponding
diagonal elementsof A .

.. node.12

(® isthe element-wise matrix multiplication, also known as Hadamard or Schur

multiplication.
.. cyclest6

Thisis ensured by the zeroing out of the diagonal at each step.
.. distribution.1?

In the voting model we can say that anode isagood hub if it has high trusted vote vector
value, but low vote vector value: the node is highly trusted but passes all the votes to the
authorities.

... With.18
We can aso compute a different set of statistics that might be slightly better suited for this
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purpose if we progressively down-scale the differencesbetween M; and M4 .

... models1®

Note that this theorem does not hold when J is an incomplete column distribution matrix:
The ranks generated by both methods with the stated relationships in the input data are not
even proportional to each other. Thisis because in the voting model wasted votes just
disappear, whereas in the surfing model undirected surfers are recreated in away dependent
on the current ranks.

N ¢ Py = [D, 1] 20

In fact, we can even let the nodes specify many score assignments with different vote
percents and confidence for the same destination node.

... division.21

If weassumethat /0 =0 ,then Vg and V¢ areawayswell-defined and have

finite elements.

... representative22

The same way as the regular trust corresponds to supporting all the decisions of the
representative.

... hode.23

It might be good to also implement some partial negative trusts: e.g. when the negatively
trusted votes affect only al the direct assignments (or the assignments and only all the
positive trusts) of the node receiving them.

Ry =Ry =(1—¢) DWWy —U-) 2

The formal proof of these results should be similar to the proof of theorem 5.1 and is left as
an exercise.

... addresses.22
The assumption is that a manipulator can not control many (physical) hosts with different
IP's.

... them.26

When they have a metadata standard for that, which is supported by the search engine
computing the ranks. Arguing necessity of such a standard is beyond the scope of this

paper.
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