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Abstract

In many applications, the data, such as web pages
and research papers, contain relation (link) struc-
ture among entities in addition to textual content
information. Matrix factorization (MF) methods,
such as latent semantic indexing (LSI), have been
successfully used to map either content information
or relation information into a lower-dimensional la-
tent space for subsequent processing. However,
how to simultaneously model both the relation in-
formation and the content information effectively
with an MF framework is still an open research
problem. In this paper, we propose a novel MF
method calledrelation regularized matrix factor-
ization (RRMF) for relational data analysis. By
using relation information to regularize the con-
tent MF procedure, RRMF seamlessly integrates
both the relation information and the content infor-
mation into a principled framework. We propose
a linear-time learning algorithm with convergence
guarantee to learn the parameters of RRMF. Exten-
sive experiments on real data sets show that RRMF
can achieve state-of-the-art performance.

Introduction

Matrix factorization (MF) methoddSingh and Gordon,

which can be seen as a regularized version of SVD by control-
ling the complexity of the factorhas been successfully used
for many applications, such as collaborative filteriRgnnie
and Srebro, 2045 Many other variants of MF methods and
their applications can be found i8ingh and Gordon, 2008

Although MF methods have achieved very promising per-
formance in many applications, most of them are designed
to handle only one matrix at a time. The matrix can be ei-
ther the feature representatiazofitent informatiohof a set
of objects (entities), or the link structuresfation informa-
tion) among a set of objects. For example, LS| was originally
proposed for content-based information analysis by perform-
ing SVD on the bag-of-words representation of a set of docu-
ments, and MMMF has been successfully applied to collabo-
rative filtering which employs only the relationship among a
set of entitiegRennie and Srebro, 20N5

However, the data in many applications, such as web pages
and research papers, contain both textual content information
and relation structure. These two kinds of information often
complement each other because they are typically collected
at different semantic levels. For example, a citation/reference
relation between two papers provides a very strong evidence
for them to belong to the same topic, although sometimes they
bear low similarity in their content due to the sparse nature of
the bag-of-words representation. Similarly, the content infor-
mation can also provide additional insights about the relation
among entities. Hence, naively discarding any one kind of
information would not allow us to fully utilize all the rele-
vant information available. Ideally, we should strive for inte-

2004, which try to project objects (entities) into a lower-
dimensional latent space, have been widely used for var
ous data analysis applicatioh©ne of the most popular MF

1mgegtg°dvfr:iscIr?tﬁgéies?:]arfﬁ'gr'T,i?ﬂ(én%&?f%rgﬁfﬁegslﬁ) to breviated as LCMF here, was proposed to seamlessly inte-
X 9 P grate content and relation information into an MF framework

tn;ﬁfStgr?f:nrg(e:n;();ggc‘frrﬂgn;z.g‘égvg ::V‘tlgr;g;gre]n;'or?]ilclﬁ'int_hrough a set of shared factors for the factorization of both
pace. J The authors of LCMF argue

. X o content and link structures.
formation of the documents as possible while S|multaneousl¥hat their method is more reasonable than some other simple
ethods for combining content and link information, such

removing the noise. Subsequent analysis, such as clust
ing or classification, can be performed based on this Iatengls that in[Kurland and Lee, 20d5 which seek to convert

space representation. Maximum margin matrix factorization
(MMMF) [Srebroet al, 2004; Rennie and Srebro, 2405

(grating both kinds of information seamlessly into a common
framework for data analysis.
In [Zhu et al, 2007, a joint link-content MF method, ab-

2MMMF can make use of different loss functions. The original
- MMMF [Srebreet al, 2004 only used the hinge loss, but many sub-

!Due to the page limit constraint, many related MF references arsequent works also used other loss functions such as smooth hinge
not cited in this paper. We refer the readergSmgh and Gordon, [Rennie and Srebro, 20Dand squared loss. Here we refer in par-
2009 for many such references. ticular to the squared loss function.



one type of information into the other. Experimental resultsto pursue research reported in this paper.
in [Zhu et al, 2007 show that LCMF can outperform other  y/ propose in this paper a novel MF method. The ba-

state-of-the-art methods. L _ sic idea is to make the latent factors of two entities as
However, the links in different applications might cap- ¢jose as possible if there exists a link between them. More
ture different semantics. As a result, the model assumptiogpecifically, we utilize relation information to regularize the
adopted by LCMF might not be satisfied for some applicaontent MF procedure, resulting in a principled framework
tions, which would cause LCMF to fail in such cases. Letyhich seamlessly integrates content and relation informa-
us take a synthetic link structure fro[ﬁhu et al, 200_7] aS  tion. We refer to our method aglation egularized ratrix
an example to illustrate this point. This example is showngaciorization, which will be abbreviated as RRMF in the se-
in Figure 1(a), in which there are eight nodes, corresponding | for convenience. To learn the parameters of RRMF, we
to eight entities, and eight directed links. After performing propose a linear-time algorithm, which makes RRMF suitable
link MF based on Zhwet al.'s method, the entities will be o |arge-scale problems. Furthermore, the learning proce-
automatically grouped into five clusters, each corresponding v of RRMF can be proved to be convergent. Experimen-
to one ellipse in Figure 1(a). The learned latent factors of thgy results on a data set with Type Il links demonstrate that

entities[Zhu et al, 2007 are shown in Figure 1(b), in which pRMF can dramatically outperform LCMF and other state-
the latent factors for V1 to V8 are listed from the first row t0 of_the-art methods.

the last row in order. We can see that the entities in each clus- ) ) ) )
ter, say V2 and V3, have the same latent factor representation, Although RRMF is motivated to model Type Il links, it
From this example, it is not difficult to reveal the model as-Can also be used for applications with Type I links by adding
sumption behind LCMF: if two entities link to or are linked & Simple step to preprocess the link structure of the data. This
by one common entity, the two entities will have similar la- Will be discussed in detail in the following sections.

tent factor representations. This is a very promising property

if the application scenario indeed satisfies this assumption.

One such application is the web page classification task o0p  Relation Regularized Matrix Factorization
WebKB [Cravenet al,, 1999. For example, the homepages

of faculties are always linked by or link to the homepage of )

the department, but the homepages of two faculties seldod.1 Notations

link to each other. The advantage of this property has been

verified by the promising accuracy of LCMF on the WebKB \ye yse boldface uppercase letters, sucKato denote ma-

data sefZhuet al, 2007. trices, and boldface lowercase letters, suche,a denote

vectors. Theith row and thejth column of a matriXiK are

denoted a¥X,;, andK,;, respectively.K;; denotes the ele-

ment at theith row and;jth column inK. z; denotes théth

element inz. X denotes the content matrix of sizex m,

(a) Synthetic link structure (b) Result of link MF with n being the number of entities amd the number of fea-

tures. A is the adjacency matrix of the entities. D denotes

the number of latent factorsI denotes the identity matrix

whose dimensionality depends on the context. For a matrix
However, one problem with LCMF is that the factor rep- K, K > 0 means thaK is positive semi-definite (psd) and

resentations of two linked entities are not guaranteed to b > () means thakK is positive definite (pd).

similar. For example, the latent factor representation of V8

is relatively far away from that of V6 or V7 after LCMF

learning. This property is undesirable for many other appli-2.2 Model Formulation

cations. For example, to classify research papers according

to their topic, the citation (link) information is usually very | y e in | s| [Deerwesteet al, 199, we adopt a similar MF
important. More specifically, two papers with a citation rela- 040 approximate the content matrix:
tion between them are most likely about the same topic, and' '

consequently, the learned latent factors of two linked papers min l||X —UVTIP 4+ U+ VIR, (1)

should be similar. Unfortunately, this cannot be handled well UV 2 i 2 i

by LCMF, which is also verified by the relatively poor perfor- where we use an x D matrix U and anm x D matrix V

mance of LCMF on the Cora data $btcCallumet al, 2004 to denote the Iateqlt?-dmensmnal representations of all the

for paper classification. documents (or entities in a more general case) and words (or
From the analysis above, we can see that there exist at ledg@tures In a more general pase_:), respectively, Wih for

two types of links with different semantics. In this paper, wedocument and V., for word j. « is a hyperparameter.

call the first type of links, such as those in the WebKB data To integrate the relation (link) information into the MF pro-

set, Type | links and the other type of links, such as those incedure, we use the relations among entities to regularize the

the Cora data sefype Il links As discussed above, LCMF latent factors. The basic idea of our method is to make the la-

can handle well applications with Type I links but not thosetent representations of two entities as close as possible if there

with Type Il links. It is this limitation that has motivated us exists a relation between them. We can achieve this goal by

o
ISV

meh“bbm

BSULELY
200D

“.
CLLLEE

LOO 00w
.““-
ONNMNRRR

1
1y

Figure 1: A synthetic example of link structure from [Zlet al.,
2007] for illustration.



minimizing the following objective function: and V7 will also be connected. Learning RRMF based on
these added links is now in line with the underlying seman-
= }Z ZA””U' UL tics. From our experiments on the WebKB data set, we find
2 R I that RRMF can still achieve performance comparable with

n n

==t . LCMF just by adopting the simple link preprocessing strat-
1 egy as described above.
= 3 A YW - |
i=1 j=1 d=1 2.3 Learning
1 2l In this subsection, we first prove that the objective function
= = Z Z Z Aij(Uia — Uja)? in (3) is convex with respect to (w.r.t.) any one of its param-
2 d=1 |i=1 j=1 eters,U andV. Then, we propose an alternating projection
D al_gorithm to learn the parameters in Iinear_ time and show that
_ Z U?,LU., = tr(UT £U), 2) it is guaranteed to converge to a local optimum.
d=1 Convexity of the Objective Function

where A;; = 1 if there is a relation between entitiésand ~Leémma 1 The Laplacian matrbC is psd, i.e.£ = 0.

j, and otherwised;; = 0, andL = D — A is known as  Proof: For anyn x 1 vector x # 0, x'Lx =
the Laplacian matrixChung, 199¥with D being a diagonal 1 S Az — )2 > 0.1

matrix whose diagonal elements;; = 3 A;; , andtr(-) Pl -

denotes the trace of a matrix. Lemma 2 E;-n:l VIV,.=0.
Combining (1) and (2), we obtain the following objective
function which we seek to minimize during learning: Proof: For anyD x 1 vectorz # 0, z” ( ;.”:1 VJ.T*V]-*) z =
m T~7T . _ m i 2
f = 51X = OV + S(IUI + [VIF) + Su(UT£0) 2= % Vi Vs = 2y (Vioe)” 2 0. B

1 1 , o , Theorem 1 f is convex w.r.tU.
= -||X-UV —tr[U I L£)U —tr(VV"), (3 . .

2“ I+ 2 HU” (el +8L)U] + 2 x( ) G Proof: We first rewrite f as follows: [ =
which seamlessly integrates the content information and the >—; >/~ (Xi; — UnV])? + ISP Ul (ol +

relation information into a principled framework. Because3£)U,, + C;, whereC is a constant independent Bf.

we use relation information to regularize the content MF pro- Let g = %Z?le;ﬁ:l(xij - UunV9L)? = G +
Icaecgg:?z’a\fi/gn?aallllog:gv?;?edcje Lg\R(?gl\l/lagonJegulanzediratnx 3 2imt {Uz‘* (Z;'nzl Vf*Vj*) Ul -2 (Z;n:l Xz‘jVj*) Uﬂ'
Remark 1 The normalized Laplacian matrpChung, 1997, where C; is a consiant ir;zdependent ou. It is
given byZ — D-Y/2£D-1/2 — [ — D-}/2AD-1/2,  €asy to see thatG; = 7BU£89U“ = Y VIV,
can be gsgd to substituté in.(2). and (3).for .regulari_za- and 7%;’2@% =0 (if 7 # k). If we use u =
tion. If £ is adopted, the objective function in (2) will be (Ul*,U;, - '*7 U,.)T to denote the vector repre-

2
~ D n n ) U; i - I i -
i — %Zdﬂ [Zi_l Zj:l Ay ( Ug _ _Uja ) ] The sentation of U, the second-order derivative (Hes

vDii  \/Dj; sian) of ¢ w.rt. u will be a block-diagonal matrix:
N 52 . .
choice betweerC and £ depends on applications. In this Gu £ zo54r = diagGy,Ga,...,Gy,]. According to

paper, the lemmas and theorems are derived based,dut ~ Lemma 2,det(G;) > 0, wheredet(-) denotes the determi-
they also hold for with slight changes in the derivations.  nant of a matrix. Becauséet(G,) = [[;_, det(G;) > 0,

From (3), it is easy to see that the model assumption behin\(/)/eLcar;LccincludeDth@{t;s cogvex WEHUUT It B
RRMF is in line with the semantics of Type Il links. Hence, ft o 52#1 T*d(a +BL)U,,. If we usea =
RRMF can be expected to achieve good performance for agUx1: Usz,---. U,p)" to denote another vector represen-
plications with Type Il links, such as research paper classififation of U, the Hessian of w.r.t. a will also be a block-
cation, which will be verified by experiment in Section 3. diagonal matrix:H, £ ;2 = diagH;, Hs,...,Hp],

On the other hand, RRMF can also be used for applicationghere H, is defined as follows: H; 2 % -
with Type | links. All we need to do is just to preprocess the I+ L. According to Lemma 1, we can g:?)nciﬁde that
link structure in the data with a very simple strategy, but the” H i dh 9 @ i ’ U
model and learning algorithms need not be changed. Accordiet( a) > 0, and henc s convex w.r.tU.
ing to the semantics of Type | links, two entities linking to Hence,f =g +h+Cyis convexw.rtU. ®
or linked by one common entity will likely be from the same Theorem 2 f is convex w.r.tV.
class. One simple way to preprocess the link structure is t?—’roof' We first rewrite [ as follows: f —
artificially add a link between two entities if they link to or are C : 15 v ' uTy, I.VT B
linked by a common entity. The added links will then satisfy 3 N + 2 ijl[ I* (Zizl i Ta ) ix
the semantics of Type Il links. For example, in Figure 1(a),2 (>_i=1 Xi;Uix) V],], where C5 is a constant inde-
after preprocessing, V2 and V3 will be connected and Vependent of V. If we usev = (Vi.,Vau, ..., V)7




to denote the vector representation &f, the Hes- matrix can be expressed as the inverse of each block, the up-
sian of f w.rt v wil be a block-diagonal matrix: date of the whole matri¥ can naturally be decomposed into

K, 2 2L - dagK;,K,...,K,], where theupdateofeachrow;..
K, — an"dIVJTU‘ +al Itis easy to verify that  Uniike the learning ofU, all the Hessian matrices for
J 1=1 ik Lk N

different rows of V are equal, ie.K; = K; = K =
_ >, ULU;, + ol. FurthermoreK is a small matrix of
Learning Strategy sizeD x D, whereD is typically a small number and is less

We adopt an alternating projection method to learn the pathan 50 in our experiments. Hence, we can directly update
rametersU andV. More specifically, each time we fix one V. as followsV,, = (31, X;; Ui ) K1

parameter and then update the other one. This procedure will

be repeated for several iterations until some termination con? 4  Convergence and Complexity Analysis
dition is satisfied. We will prove that the learning algorithm
is convergent.

K; > 0 andK, > 0. Hence,f is convex w.r.tV. &

Theorem 3 The learning algorithm will converge.

Proof: (Sketch) In each iteration, the learning algorithm en-

Learning U According to Theorem 1, one straightforward sures that the objective function value in (3) always decreases.
way to learnU is to set the gradient of w.rt. U to 0 and  Furthermore, the objective function is bounded below by 0.
solve the corresponding linear system. However, this is comkence, the learning algorithm will converge. Becaysis
putationally demanding it is large because we have to invert not jointly convex w.r.tU andV, the solution is a local opti-
a Hessian matrix of size as largera® x nD. In this paper, mum.l
we adopt an alternative strategy to perform optimization on We have seen that in each iteration, the time required for
U, which is to optimize one columlJ,; at a time with the updatingU is O(n), and it is easy to see that the time com-
other columns fixed. Becaugés convex w.r.tU, this alter-  plexity for updatingV is alsoO(n). In our experiments, typ-
native strategy will be guaranteed to converge to the optimalcally the algorithm can converge in less than 50 iterations.
solution. In fact, we find that 5 iterations are sufficient to achieve good

Becausef is convex w.r.tU, f is also convex w.r.tU, performance. Hence, the overall time complexity of the learn-
with all other variables fixed. Hence, computing the gradiening algorithm isO(n).
of f w.rt. U,4 and setting it to 0, we can optimiZg ., by

solving the following linear system: 3 Experiments
(d) — @ .
W F(d) Usa = e, @ (4 3.1 Data Sets and Evaluation Scheme
where }';;zg - 62;3 + o 3;; PE, .and };3]29 We use the same data sets, WebKBavenet al, 1999 and
diad 50505 305,005, - - » a0.0005) With 353~ = Cora[McCallum et al, 2004, and the same bag-of-words
S V2, andel® = (el e$D el with ¥ =  representation with the same original link structure as those
S Via(Xig — Un VI 4 UiaVia). in [Zhu et al, 2007 to evaluate our method. The WebKB

data set contains about 6,000 web pages collected from the
web sites of computer science departments of four universi-
ties (Cornell, Texas, Washington, and Wisconsin). Each web

i e . page is labeled with one out of seven categories: student,
eral text classification applications becausis always very professor, course, project, staff, department, and “other”. It

large. Here, we propose to use tteepest descemethod  gh61q be noted that to train our RRMF method we adopt

[Shewchuk, 1994to itera’;ively updatd.q: r(t) = e — e simple preprocessing strategy for the link structure in this
FOU,4(t), 6(t) = % U.q(t+1) = Uy(t) +  dataset. Thatis, if two web pages are co-linked by another
S(t)r(t). common web page, we add a link between these two pages.

Steepest descent will guarantee the algorithm to converg@iter Preprocessing, all the directed links are converted into
to the global minimum with the objective function value de- undirected links. The characteristics about the WebKB data
creased in each iteration. Suppose the number of nonzeR$t are briefly summarized in Table 1.
elements inC is M. We can see that the computation cost Table 1:Characteristics of the WebKB data set.
in each iteration i) (n + M). If the number of iterations
is K, the time complexity will beD(K (n + M)). From our

One direct way to solve the linear system in (4) is to
setU,; = [F(@]~teld), However, the computation cost
is O(n?), which is computationally prohibitive for gen-

[ [ #classes| #entities | #terms |

. / . Cornell 7 827 4,134
experiments, good performance can be achieved with a small Texas 7 814 2,029
value of K, such ask’ = 10 in our following experiments. Washington [ 7 1166 [ 4,165
Furthermore )/ is typically a constant multiple of. Hence, Wisconsin 6 1,210 | 4,189
the overall c%mplexity is roughlg(n), which is dramatically The Cora data set contains the abstracts and references of
less tharO(n?). about 34,000 research papers from the computer science com-

munity. For fair comparison, we adopt the same subset of the
Learning V. One very nice property oV is that the Hes- data as that ifizhu et al, 2007 to test our method. The task
sianKy is block-diagonal, where each nonzero block corre-is to classify each paper into one of the subfields of data struc-
sponds to a row oV. Since the inverse of a block-diagonal ture (DS), hardware and architecture (HA), machine learning



e Link-content MF: This is the joint link-content MF

Table 2:Characteristics of the Cora data set. method in[Zhu et al.,, 2007.
[ [ #classes| #entities [ #terms | . L .
oS 5 751 | 6234 ¢ Link-content sup. MF: This is the supervised counterpart
HA 7 400 3,989 of link-content MF by using the data labels to guide the
ML ! Lol | 83 MF procedure, which is introduced [Zhu et al., 2007.

(ML), and programming language (PL). The characteristics3-3 Convergence Speed

of the Cora data set are summarized in Table 2. We use the HA data set to illustrate the convergence speed
As in [Zhu et al, 2007, we adopt 5-fold cross validation of RRMF. The objective function values against the itera-

to evaluate our method. More specifically, we randomly splittion numberT" are plotted in Figure 2(a), from which we

the data into five folds (subsets), and then repeat the test fivgan see that RRMF converges very fast. The average clas-

times, in each one of which we use one fold for testing andsification accuracy of the 5-fold cross validation agaifiss

the other four folds for training. As ifizhu et al, 2009,  shown in Figure 2(b). We can see that even though the initial

the number of factord is set to 50 for RRMF. Thev in  value (corresponding t&' = 0) is not satisfactory (accuracy

(3) is fixed to 1, ands is specified by cross-validation on = 65.5%), RRMF can still achieve very promising and sta-

the training data. After obtaining the factors, a linear supporble performance without requiring many iterations. Because

vector machine (SVM) is trained for classification based onwe can achieve promising performance when- 5, we set

the low-dimensional representation, which is the same as thg = 5 in all our following experiments.

test procedure for the methods [iBhu et al, 2004. The 10

average classification accuracies and the standard deviation o 12 09

over the five repeats are adopted as the performance metric.
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3.2 Baselines

The methods adopted for our comparative study belong to two
classes. The first class contains the baselines udahinet
al., 2007%:

0 10 20 30 40 50

e SVM on content: This method ignores the link structure 0 10 20 30 4 50 -
in the data, and applies SVM only on the content infor- T
mation in the original bag-of-words representation. (a) Objective function (b) Accuracy

e SVM on links: This method ignores the content informa- Figure 2:Convergence properties of RRMF.
tion, and treats links as the features, i.e,dheeature is
link-to-page.

e SVM on link-content: The content features and Iinkfea—?"4 Performance

tures of the two methods above are combined to give thdhe Cora data set satisfies the model assumption of RRMF

feature representation. but it does not satisfy the model assumption of link-content
MF. We first test RRMF on Cora to verify that when the
model assumption is satisfied, RRMF can dramatically out-
perform link-content MF and other methods. The average
classification accuracies with standard deviations are shown
e PLSI+PHITS: This method, described [€ohn and in Figure 3, from which we can see that RRMF does out-

Hofmann, 200§} combines text content information and perform other methods dramatically. Even though the link-

Accuracy

o
o g
~N o

Objective Function Value

o
@
a

o N OB OO @

e Directed graph regularization: This is the method intro-
duced in[Zhouet al, 2009, which is only based on the
link structure.

link structure for analysis. content sup. MF method uses label information for MF,
The second class contains some methods that are most RMF can still give much better result, showing that it is
lated to RRMF: indeed very effective. Comparing RRMF to PCA, we can

R i . - see that the good performance of RRMF does not come from
e PCA: This method first applies principal componenty 4404 initialization but from the learning algorithm itself.
analysis (PCA) on the content information to get a low- comparing RRMF to MMMF, we can see that the relational
dimensional representation, based on which SVM isptormation is very useful. Comparing RRMF to directed

trained for classification. Because we use PCA 10 ini-granh regularization, we can see that the content information
tialize U andV in RRMF, this method serves to demon- 354 does great help for classification.

strate whether the good performance of RRMF comes We also test RRMFE on the WebKB data set.

from a good initialization value or from the leaming pro- 44t the normalized Laplacian. The performance is shown
cedure of RRMF. in Figure 4. It should be noted that the WebKB data set does

e MMMF: This method applies MF only on the content not satisfy the model assumption of RRMF. However, with
information, which is a special case of (3) by settihg: simple preprocessing, RRMF can still achieve performance
0. It is used to show that the relation information doescomparable to the link-content MF method and its supervised
help a lot in relational data analysis. counterpart, and outperform other methods.

Here, we



Accuracy (in %)
(91 (2] (2] ~ ~ © o ©
ol o ol o Ul o o o

a
=)

4 Conclusion and Future Work

In this paper, we propose a novel MF framework, called
I o content RRMF, to model relational data of Type Il links. One promis-
I SV on links ing property of RRMF is that it can also be used to model
B e ization data of Type | links just by the inclusion of a very simple
%gg‘*”m preprocessing step. Experimental results verify that RRMF
C_IMmvF can dramatically outperform other methods on data of Type II
i links, and can achieve performance comparable with state-
I RRVF of-the-art methods on data of Type | links. Another attrac-

tive property of RRMF is that its training time is linear in the

number of training entities, which makes it scalable to large-

45 DS HA ML PL

scale problems. Moreover, the learning algorithm of RRMF

. ) DaaSet =~ . . ._is guaranteed to be convergent and is very stable.
Figure 3: Average classification accuracies with standard devia- Incorporating label information into RRMF will be pur-

i h . X
tions on the Cora data set sued in our future work. Furthermore, although the collec-

100 tive classification methodsSenet al., 2004, latent Wishart
. processes (LWFLi et al, 2009 and relational topic model
{ I SV on content (RTM) [Chang and Blei, 20d9are not closely related to
_ ] B o oniniceonene - RRMF, performing experimental comparison between them
c 8 : ! %g'[es?iegﬁ?é’h regularization W|I_I be very interesting and will help to re\(eal the rel_atlon-
g I PCA ships between several approaches of relational learning work
g% S which are currently disparate.
& e I content sup. MF Acknowledgements
70 We thank Shenghuo Zhu for the preprocessed data sets. This re-
1] 1] search has been supported by General Research Fund 621407 from
Cornell Texas  Washington  Wisconsin the Research Grants Council of Hong Kong.
Figure 4: Average classification accuracies with standard devia-
tions on the WebKB data set. References
L. [Chang and Blei, 2049 Jonathan Chang and David M. Blei. Relational topic models
3.5 Sensitivity to Parameters for document networks. IAISTATS2009.

. . . . [Chung, 1997 Fan Chung.Spectral Graph TheoryNumber 92 in Regional Confer-
We have illustrated the effect of the number of iterations in  ence Series in Mathematics. American Mathematical Society, 1997.

Section 3.3. Here, we examine the sensitivity of RRMF to[cohn and Hofmann, 2000David A. Cohn and Thomas Hofmann. The missing link
ﬁ and the number of factorB. We again use the HA data - a probabilistic model of document content and hypertext connectivityNIRS
set for illustration. Figure 5 illustrates the accuracy of RRMF[C tal. 1998 MarkC Dan DiP bavne Freitac. Andrew McCal

. . ravenet al, ark Craven, Dan DiPasquo, Dayne Freitag, Andrew McCallum,
Whenﬂ and D take different values. From Flgure 5(8.), We Tom M. Mitchell, Kamal Nigam, and $& Slattery. Learning to extract symbolic
can see that the smaller thethe worse the performance will ~ knowledge from the world wide web. IRAAI/IAAL pages 509-516, 1998.
be. Largers means that the relational information plays A [Deerwestert al, 1990 Scott C. Deerwester, Susan T. Dumais, Thomas K. Landauer,
more significant role in the |earning procedure. Hence, we GeorgeW.Furnas, and Richard A. Harshman. Indexing by latent semantic analysis.

. . . . . ! JASIS 41(6), 1990.
can conclude that the relational information is very important, ©) . , _
Wh d | d 30 h f Kurland and Lee, 2045 Oren Kurland and Lillian Lee. Pagerank without hyperlinks:
en ﬂ exceeds some V_a ue (aroun )! _t € per orr_n_anc structural re-ranking using links induced by language modelSIBIR 2005.

becomes very stable, which mean_s RRMF is not sensitive tﬁi etal, 2009 Wu-Jun Li, Zhihua Zhang, and Dit-Yan Yeung. Latent Wishart pro-
8. From 5(b), we can see that &sincreases, the accuracy  cesses for relational kernel learning. AfSTAT$2009.
also increases. But largép will incur higher computation  [McCallumetal, 2004 Andrew McCallum, Kamal Nigam, Jason Rennie, and Kristie
cost. Hence. in real applications we need to consider the Seymore. Automating the construction of internet portals with machine learning.

tradeoff between computation cost and accurac Ini. Retr, 3(2):127-163, 2000.
p Y. [Rennie and Srebro, 20p5Jason D. M. Rennie and Nathan Srebro. Fast maximum

95 margin matrix factorization for collaborative prediction. {BML, 2005.
90 T 1 1 % % [Senet al, 2009 Prithviraj Sen, Galileo Mark Namata, Mustafa Bilgic, Lise Getoor,
g5 T T Brian Gallagher, and Tina Eliassi-Rad. Collective classification in network éata.

Magazine 29(3), 2008.

[Shewchuk, 1994 Jonathan R Shewchuk. An introduction to the conjugate gradient
method without the agonizing pain. Technical report, Pittsburgh, PA, USA, 1994.

80 [Singh and Gordon, 2008Ajit Paul Singh and Geoffrey J. Gordon. A unified view of
matrix factorization models. IECML/PKDD (2) 2008.

[Srebroet al, 2004 Nathan Srebro, Jason D. M. Rennie, and Tommi Jaakkola.

~N
a o

Accuracy (in %)
Accuracy (in %)

o~
[ =}

@
o

50 100 150 200 10 20 30 40 50

0 beta D Maximum-margin matrix factorization. INIPS 2004.
(a_) Effect of 8 (b) Effect of D [Zhouet al, 2009 Dengyong Zhou, Jiayuan Huang, and Bernhardi8apf. Learn-

ing from labeled and unlabeled data on a directed graphCML, 2005.

[Zhuet al, 2007 Shenghuo Zhu, Kai Yu, Yun Chi, and Yihong Gong. Combining
content and link for classification using matrix factorizationSIGIR 2007.

Figure 5:Sensitivity to parameters of RRMF.



