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Abstract . We rst extend Hop eld networks to cluster-

ing bipartite graphs (words-to-documert assaiation) and

show that the solution is the principal componernt analy-

sis. We then generalizethis via the min-max clustering

principle into a self-aggregationnetworks which are com-
posedof scaledPCA componerts via Hebb rule. Cluster-

ing amounts to an updating processwhere connections
between di erent clusters are automatically suppressed
while connectionswithin sameclustersare enhanced. This

framework combines dimension reduction with clustering

via neural networks and PCA. Self-aggregationnetworks

can also improve information retrieval performance. Ap-

plications are presened.

1 Intro duction

Clustering documerts[11]is a challenging problem because
of the very high dimensionality; in vector space model,
the dimensionality is the size of vocabulary. In recen
years, dimension reduction techniques suc as principal
componert analysis (PCA) (which is also called Latent
semariic indexing (LSI)[2]) are popularly usedto project
the documerts into the low-dimensional space.
Feedforward networks[1] via badkpropagation hasbeen
widely usedfor classi cation taskssud astext categoriza-

tion [20]. Although Hop eld assaiative-memorynetworks[10]

is not suitable for classi cation, it has the exibilit y to
be adopted for solving combinatorial problems[9]suc as
traveling salemanproblem, graph partitioning, etc.

In this paper, we explorethe relationship betweendata
clustering and dimension reduction via the neural net-
works connection. We show that using Hop eld networks
to cluster the bipartite graph (word-documert assaiation
matrix), PCA is the solution. This provides justi cation
for clustering using PCA (seex2).

By appropriately modifying the clustering objective
function accordingto a min-max clustering principle, we
obtain a min-max cut clustering algorithm whose equa-
tions are essetially rescalingof those for PCA (seex3).

Using scaled PCA componerts we can construct self-
aggregation networks which have the unique property of
cluster self-aggregation:connectionsbetweendi erent clus-
ters areautomatically suppressedvhile connectionswithin
sameclusters are enhanced. An indepth analysis of self-
aggregation(SA) networks are provided (seex4).

We use SA networks for documert retrieval and ob-
tained improved retrieval precision. We also use SA net-
works for clustering documerts and words simultaneously,
and obtain substartially better results than the K-means
method (seex5b).

2 Hopeld networks for clustering
documents

In the rectangular m n term-documert assaiation ma-
trix B = (ly ), eac row represems a word and is denoted
by anr-nodein a weighted bipartite graph shown in Fig.1.
Each column represes a documert and is denoted by a
c-node. Elemert Iy; in the matrix represers the courts of
co-occurrenceof row object r; and column object ¢, and
is represered by a weighted edgebetweenr; and ¢; .
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Figure 1: A bipartite graphwith r-nodesand c-nodes. The
dashedline indicates a possible partitioning.

Hop eld networks can be used to partition an stan-
dard undirected graph [9]. In this section, we extend Hop-
eld networks for partition bipartite graph, and show that
the relaxed version of the Hop eld networks for bipartite
graphsis preciselythe Latent Semaric Indexing.



We wish to partition the r-type nodes of R into two
parts R1; R, and simultaneously partition the c-typenodes
of C into two parts C;; C,, basedon the clustering prin-

S(Br,:c,) betweendierent clusters are minimized while
cluster self-similarities (Br, :c,): S(Br,:c,) are maximized[9).
Maximizing S(Bg,c,)+ S(Br,:c,) While minimizing s(Bg, c,)

ciple of minimizing between-clusterassaiation and max-
imizing within-cluster assaiation (seeFig.1). We usein-
dicator vector f to determine how to split R into R1; R3:

1 if

. ri 2R
fO="77 i n2r,

I 2 Rz (1)
and useg to determine how to split C into Cy; Cy:

1 if

) ¢ 2C
q(i) = L i a2,

¢ 2C, (2)

(For presenation purpose,we index the nodessudc that
nodeswithin samecluster are indexed cortiguously. The
clustering algorithms presened are independernt to this
assumption. Bold face lower caseletters are vectors. Ma-
trices are denoted by upper caseletters.) Thus we may
write

o g®
= 40 9% 4Oy ©)
With this indexing, the assiation matrix is
Br,:ic; Bric
B = 1;,C1 1;,C2 4
Br.ic, Br.c. )

It is corveniert to corvert the bipartite graphinto an undi-
rected graph. We follow standard procedure and combine
the two typesnodesto one by setting

- .w=- 0 B .
a= g W= BT o ©)
This inducesan undirected graph G, whoseadjacencyma-

trix is the symmetric weight matrix W.
Consider the following objective function,

1
Jeut (C1;C2;R1;Rp) = éqTWq (6)
= 5(Br;;c,) + S(Br,ic,) S(Briic,) S(Br,ic:)
where
X
S(Briic,)  S(R1;Cp) bj ;
I’iZRl;CjZCZ

and s(Br,:c,);S(Br,:c,); S(Br,:c,) are similarly de ned.
S(Br,:c,) is the assaiation within cluster 1 (seeFig.1),
and we call it the self-assagiation. s(Br,.c,) is the self-
asseiation of cluster 2. s(Br,:.c,) and s(Br,:c,) are the
overlapsbetweendi erent clusters.

We proposea min-max clustering principle: data points
are grouped into clusterssud that the overlapss(Br,c,),

+3(BR,:c,) isequivalent to maximizing the objective func-
tion Jeye (Q).

Using Hop eld network [10, 9], the solution is obtained
by the update rule

X
gV (i) = sgn[ w; o)
j

where g(¥) is the value of q at t-th update. This equa-
tion can be written in vector form q*Y = sgnwq®]:
One can verify that Jq:(q) monotonically decreasesin
this update.

If onerelaxesq(i) from discrete indicators to cortin u-
ousvaluesin ( 1;1), the solution g satis es

Waq= q: )
Now utilizing the explicit structures of W and q, we have

o B f _ f

which is identical to

Bg= f; B'f= g: (9)

The solutionsto thesetwo equationsare the singular value

decomposition (SVD) of B. To seeclearly, upon substitu-
tions, we have

(BBT)f = 2f; (B"B)g= 2g: (10)

This veri es that ffjg are left singular vectors and fg;g
are right singular vectors of the SVD of B:

X T T
k=1

(11)

We summarize theseresults in

Theorem 1. Using Hop eld networks to maximize the
objective function Jc (q) of Eq.(6), the solutions for clus-
tering indicators are given by SVD of B.

Seweral further results can be obtained. First, note
that SVD of B are preciselythe Latent Semantic Indexing
[2]. Thus we concludethat Hop eld networks for cluster-
ing leadsto LSI. The partitioning indicator vectorsare the
LSI index vectors.

Second,blgcaus&c(BRl;cl) + S(Br,:c,) + S(Br,:c,) +
S(Br,:c,) = i by s is a constart for a given assaia-
tion matrix B, wehaveJdeyt = S 2[S(Br,:c,)* S(Br,:c,)l:
Therefore, maximizing Jqy (q) is equivalent to minimizing



S(Br,:c,)* S(Br,:c,) alone. In graph theory, s(Bgr,c,)+

S(Br,:c,) isthe sumof weights on the edgeshbeingcut, and
is called cutsize. Therefore, PCA is equivalent to MinCut

in graph theory. It is well known that MinCut often leads
to skewed cuts. This imbalancewill be addressedin x3.

Thirdly , all theseare connectedto K-meansclustering.
Considerthe K-means squarederror objective function,

Jkmeans = Ji Xi ijj2 = ”Inij”

k=1 Xi2cx k=1 Xi;Xj 2¢Ck k
(12)

X X L
— ixi xj (13)
K k=1 xi:x; 20
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ko P& g Xi2Cp Xj 2Cq

(14)
where x; is the j-th documert: B = (X1; ;X2); Ck; Nk

are the certroid and size of k-th cluster, and ny is a
suitable constart represems approximately the number of
points in a cluster on average. In Eq.(14), the rst term
is a constart, and the secondterm is the sum of distances
between documerts in dierent clusters, which is analo-
gousto overlapping ass@iation betweendi erent clusters,
S(Br,:c,) + S(Br,:c,). Therefore, Hop eld network (and
PCA) has a nice connection to the K-means clustering:
one minimizes the between-cluster assaiations (similari-
ties) whereasthe other maximizesthe between-clusterdis-
tances (di-similarities).

All results in this section for bipartite graphs can be
immediately extendedto an undirected graph, G(A), with
adjacency matrix A. The clustering objective function
Eq.6 becomes

Jeut (C1;C2) = s(Ac,:c,) + S(Ac,:c,)  25(Ac,.c,) (15)

wheres(Ac,.c,) is de ned similar to s(Br,.c,). The clus-
tering indicators g of Eqg.2 via the Hop eld network are
given by the eigervector of Ag = g:

3 MinMaxCut

Approximately speaking, the above Hop eld network of
maximizing Eq.6 is equivelant to

S(Bry;c.) * S(Braic,).
S(Bryicy) * S(Bryic,)
Maximization of s(Br,:c,) + S(Br,.c,) does not guar-

rentee the balance of the two terms; in fact it often hap-
pensthat S(Br,;c,)  S(Br,:c,) Ors(Br,c,)

min

(16)

S(BRz;Cz):

To prevert this imbalance of cluster self-assaiations, we
add a cluster balance condition in the min-max clustering
principle that s(Br,.c,); S(Br,:c,) are maximized individ-
ually while overlap assaiations s(Bgr,.c,) + S(Br,:c,) are
minimized. This leadsto the MinMaxCut objective

S(Bry:c2) + S(Braic.)
ZS(BRl;Cl)
S(Bry:c2) + S(Braic.)
ZS(BRz;Cz)

JImmc (C1;C2;R1;R2) =

(17)

in contrast to Jey in EqQ.(6).

To nd an ecient algorithm to compute the optimal
solution accordingto Juvc (Ci1; C2; R1; R2) we proceedas
follow. First, we write the weight matrix W explicitly,

0 1
0 0  Bryc: Bric:
0 Br,ic; Br,ic
W - % 2,“1 2,2 18
Bgl;cl B£2§C1 0 0 ( )
Bgl;cz Bgz;cz 0 0

Now we re-order the indices of the nodes,

0 £ 1 0 £ 1
fO ¢ g®) ¢

%)g(ﬂ ) q= %)f( )
g( ) g( )

i.e., nodes with Cluster 1 are indexed cortiguously irre-
spect wether they are r-nodes or c-nodes. With this re-
ordering, W becomes[22]

0 o BRlCl 0 Bre,
BR1 c, BRZ'Cl 0
; 19
%) T BRz C1 TO BRz;ng ( )
BRl;Cz 0 BRz;C 0

This canbe viewedasan undirected graph, with adjacency
matrix

Wi Wy
W = 20
W21 Wy (20)
From this, Eqg.(17) can be written as
_ S(Wi2)  S(Wi2)
J : 21
MME S(Wll) S(W22) (1)

Eq.(21) is the min-max cut objective function for undi-
rected graph [5]. One can show that

9" (D W)q
qTDg
subject to q"We = q'Dg = 0, where D = (d;) is a

diagonal matrix and d; = i Wi is the degreeof node i
ande= (1; ;1)". Werelaxq(i) from discreteindicators

n’gn Jmmve (9) ) mqin ; (22)



to real valuesin ( 1;1). The solution of g for minimizing
the Rayleigh quotient of Eq.(22) is givenby (D W)q =
D g; which can be written as

Wg= Dqg; =1 (23)

For corvenience,we de ne z = D'72q; and write Eq.(24)
asa standard eigervalue problem:
Wz= (D ¥2wWD ¥?)z= =z (24)

Finally, coming badk to the bipartite graph, we have

_ Dby 0 | _ u _ Drlzzf
D= 0 D. Z= v - Dg_:zg (25)
Substituting into Eq.(24), we have
o B u _ u .
BT o v T v (26)
where
® =D, ?BD, "% (27)

The solutions to Eq.(26) are SVD of ® (that SVD is the
solution to Eqg.24 for bipartite graph is noted earlier[22
3].) We emphasizethat Eq.(26) is identical Eq.(8), with
the correspondencerelationship

f u

B) B; )

g v (28)

(seealsothe similarit y betweenEq.(23) and Eq.(7).) There-
fore, the net e ect of MinMaxCut of Eq.(17) over the sim-

ple MinCut objective Eq.(6) or Eq.(16) is the scaling of

the assaiation matrix B in Eq.(27). Howewer, with this

scaling, the self-aggregationproperty emerges.

4 Self-Aggregation Net works

Just as the Hop eld networks is the solution to Mincut
objective, we proposethe self-aggregationnetworks asthe
K-way clustering solution to MinMax Cut.

We introduce nonlinear scaling factors, diagonal ma-
trices D, (eadh elemen is the sum of a row, seeEq.25)
and D (each elemert is the sum of a column). Let B =
DI?®D2™, where® is de ned in Eq.(27). Applying SVD
on 1, we obtain

1=2 X T 1=2
B = Dr_ ( uk ka)DC_ = Dr
k k

fk kOg Dc: (29)

Wecallf, = Dy *2u andgy = D¢ v scaled PCA com-
ponerts. In data clustering perspective, they are just the

relaxal clustering indicators, seeEq.(25). (We note that
there are a number of di erent approades for nonlinear
PCA [7, 13,15, 16].)

In Hop eld networks, a pattern f; is encaled into the
objective function asfif] (the Hebb rule); multiple pat-
terns are encaled additiv ely: fiff + + fifl. In our
problem, a pattern is a cluster partitioning indicator vec-

tor. Let F, = (f1; ;fc); and G = (01; ;0«); and
Q= (a1 ;G)= o (30)
K — ql- lqK GK

P
Wecall Q.QT = £_, q«qy the generalizedself-aggregation
(SA) network. From the relation,

FFT
G(FJ

F.GT

.= <% 31
QKQK GKGI ( )
weseethat F,F] 5, fif] isthe SA network for row
objects, GcG] = = ,_; 9k@ is the SA network for col-
umn objects, and F, G| = Ezl fgy is the SA network

for row-column assaiations,

P
K

The SA networks de ned above sharean important fea-
ture: cluster self-aggegation. Using neural networks lan-
guage,we call (F,G/); the connection (assaiation) be-
tweennodesi; j. Self-aggregationamounts to an connec-
tion weight updating processwhere connectionsbetween
di erent clusters are automatically suppressedwhile con-
nections within sameclusters are enhanced.

In the following we provide a theoretical analysis and
prove this fundamental property for SA networks. The
dewelopmernt follows a perturbation analysis framework([4,
14, 6] by decomposing & in Eq.(24) as

W= WO L O

where® © correspndsto the casewhereno overlap (con-
nection) exists between di erent clusters and W@ cor-
responds to the casewhere small overlaps exist between
dierent clusters.

4.1 Well separated clusters

In this case,the connectionsbetween two clusters (edges
crossthe cut line in Fig.1) do not exist. In the assaiation
matrix, this is re ected by Br,.,c, = 0;p 6 q [seeEq.(4)].
We have

Theorem 2. When overlaps among K clusters are zero,
the K scaledPCA componerts gqi1; ;Qgk get the same
maximum eigervalue: ¢ = L,k = 1; K. Eac gk is
a multistep (piecewise-constat) function (assuming ob-
jects within a cluster are indexed consecuti\ely). In the



scaled PCA subspaces,objects within the same cluster
self-aggregatento a single point. (]

The proof is a few algebraic manipulations. For sim-
plicity, we illustrate the proof by providing a concrete
K = 3 example. The solutions to Eq.(24) are

2 3
1=2 2 3
Driier1 1:%
0 Di2ser2
1 0 1 0
1) = . v@ —
xM = p— - x¥ = p—
2511 Dillz €c1 257, 1:2
0 D2z €c2
0 0

etc. Here D,pq = diag(Bpgerq); (P;d= 1, ;K), eq= e
with the sizeof p-th row block; D ¢pq = diag(Bpg€cq), €cq =
e with the sizeof p-th column block; and spq = s(Bgr, c,)-
Note that spq 6 Sqp. Let

X = (x®; ;x®): (32)
For any K -dim vectory = (y(1); ;y())",
2 123
y(1) er1=(2s11)*"
_. 1=2
= q - D lZZXKy - Y(K) eI’K_(ZSKK) (33)

y(1) ec1=(2s11)*"?

Y(x) €c=(28 )17
Now any K orthonormal
;a9 Q.

is an eigervector of Eq.(23).
fyi1;  ;y«0leadsto K eigervectorsfqs;

w

nnnnnnnn

Figure 2: Left-top: adjacencymatrix of a bipartite graph
of 2 denseclusters (diagonal blocks) with random overlaps
(o -diagonal blocks). Left-bottom: F,G[. The overlaps
are reduced signi cately due to self-aggregation. Right:
computed g, (cycles) and the approximation from Theo-
rem 3 (solid line), in original index order (top panel) and
in sorted index order (bottom panel).

In the spacespannedby F, the coordinate of data ob-
jectiisr; = (f1(i); ;f(i))T; From Eq.33, data objects

within a cluster self-aggregateo (are located at) the same
point. Furthermore, F F/ givesthe clusters for row ob-
jects, the word clusters (seeFig.3):

er 18;,'—1 =2S11 0 0
FFl =4 0 er26/,=25,7 To 5:
0 0 €r3€, 3:2533
(34)

In the spacespannedby G, the coordinate of data ob-
jectiisr; = (91(i); ;9«(i))T; onceagain, data objects
within a cluster are self-aggregateto the samepoint. Fur-
thermore, G, G/ givesthe clustersfor column objects, i.e,
the documert clusters (seeFig.3):

€c1 81—122511 0 0
GGl =4 0 ecoel,=2s,, 0 5
0 0 ecgels :2533
(35)

In both SA networks F,F,[; G,G], the overlap connec-
tions are identically zero as expected. Howewer, connec-
tions within sameclusters are enhancedsigni cantly: ev-
ery pair of two objects i; j within a cluster acquiresthe
same connection strength even if objects i; j may not be
connectedin the original assaiation matrix B.

SA network F,G] givesthe assaiation between row
objects and column objects. The self-aggregationgivesthe
sharpenedrow-column assaiations (seeFigs.2).

er 181—]_:2511 0 0
F.Gl =4 0 €r2€0,=257 0 5
0 0 er 381—3 =2S33
(36)

This is useful for documert retrieval (seex5.1).

4.2 Overlapping Clusters

In clustering, the useful caseis that clusters overlap. Here
we assumethat the overlaps are small and provide a per-
turbation analysis. We have the following results:
Theorem 3. At the rst order, the solutions to Eq.(24)
are the following: the highest K eigervectors have the
form

q=D lZZXKY;
where X is givenin Eq.(32) and y and the eigervalue

( =1 ) satisfy the eigensystem
y= y: (37)
hasthe form = 172 1=2. where
2 3
h11 S12  S21 Stk S«1
_ g So1 S12 h22 Sak Sk2 é
Sk1 S1k Sk2 Sok hKK

(38)



where hygy = p@k(skp + Spk)
and = diag(2s11; 2s22; ;25 ): (1

The proof is bit involved and will be omitted here.
This theorem captures seeral important features of SA
networks, which are embeddedin the solution to Eq.(37).
Note that the K K matrix is symmetric semi-positive
de nite. Herewe list two corollaries:
Corollary 2.1. For K = 2, the secondlowest eigervalue
of is

2= (S12 + S21)=2s11 + (S12 + S21)=2522;

which is precisely the min-max cut clustering objective
Jumc in EQ.(17). Therefore, the smaller », the better

quality of the resulting clusters. The correspnding eigen-
vector is

2 er13 . 2 0 3
= S22 0 S11 § e
=D 1 ZX - r2 :
a2 2Y2 —2311 ot —23222 0 g
0 €c2

Thuswe automatically recover the partitioning indicators.
All theseindicate SA networks is a highly consistert and
principled framework for clustering. The lowest eigervec-
tor isqg; = (1; ;1). Q2 = (qi1;92) constructed from
thesetwo eigervectors have the forms givenin Eqgs.(4,4,4).
Corollary 2.2. The K eigervectors Yy = (y1; ;Y«) of
satisfy Y,” Y = I. The squareorthonormal matrix Y, is
full rank under generalconditions, thus Y, Y,” = I,. Using
Q« = D '™X,Y,. and constructing the SA networks,
F«FJ, GyG] and F,G/, they will have the same block
diagonal structures of Eqs.(4,4,4).
Corollary 2.2 provides the theoretical basisfor using
F«FJ] and GG for clustering, and F,G] for improving
retrieval.
Example . We apply the above analysis to a bipartite
graph example with assaiation matrix shown in Fig.2.
The bipartite graph hastwo denseclusterswith large over-
laps between them. The indicator vector q, computed
directly from Eq.(24) together with that from Theorem
3 are also shown in Fig.2. They agreereasonably The
eigervalue valuesfrom Eq.(24) and Theorem 3 also agree
reasonably well: , = 0:456 ~, = 0:477 F,G] gives
a sharpened assaiation matrix (Fig.2) where the overlap
betweenthe two clusters are greatly reduced. F,F,] and
G«G/] computed from Eq.(24) are shavn in Fig.3. They
are closeto the analysis results (Corollary 2.2). F.F]
givesclustersfor row objects (words) and G, G/ givesclus-
ters for column objects (documerts).

In self-aggregation, data objects move towards eadh
other guided by connectivity, as connection weights be-
tween di erent clusters are suppressedand connections

o 10 2 30 40 5 6 70 8 o 20 a0 60 80
nz = 2030 =

Figure 3: Left: F.F] for clustering row objects. Right:
G«G/ for clustering column objects.

within same clusters are enhanced. This is similar to
the self-organizing map [12], where feature vectors self-
organizeinto a 2D feature map while data objects remain
xed. In Hop eld network, features are stored (encaded)
as asseiative memories,whereasin SA networks, connec-
tion weights are dynamically adjustedto learn the patterns
in an unsupervised way.

5 Applications of SA networks

5.1 Document Retriev al

We rst apply SA networks to documert retrieval. That
clustering can help retrieval is suggestedby the Clustering
Hypothesis[17]: if a documert Xx; is highly relevant to a
query q, then documerts very similar to x; (de ned by
cosinesimilarit y) are likely to be relevant to the query as
well. In many previouswork, documerts are rst clustered
and query is then matched to the cluster certroids[19].
However, the experimental results sofar indicates cluster-
ing had not helped the retrieval precision[19, 8]. (A re-
cent dierent usageis to cluster the retrieved documerts
to group them into di erent topics[8].)

SA networks preserts a new approac to use cluster-
ing for retrieval. Here the cluster structure is embedded
in F,G] which is very similar to the original word-to-
documert matrix. We truncate the expansionin Eq.(29)
at K andset ¢ = 1,

B' D/ fxgi D¢ = D;F Gl D¢ = (%1;
k=1

i %n); (39)
the jth column x%; is the represemation of SA network for
documert j. The relevancer; of documert %; for query
g through the cluster structure is simply r; = coqq;x;):
If the clusters are well separated, all documerts within a



cluster will have samerelevanceto a query (see Eq.(36)
and Fig.2 left-bottom panel), and thus all documerts of
the most relevant cluster will be retrieved, even though
their original vector-spacerepresetations (fx;g, columns
in B) coulddi er considerably The self-aggregationmakes
this possible. In practice, overlaps exist; documerts most
similar to ead other will have similar x; and will getvery
similar relevance scoreusing the cosinesimilarit y metric.
Therefore, Eq.(39) is a conveniert and natural way to in-
corporate clustering information into retrieval.

Wede ne the total relevanceasthe combination of the
keywords matching (KM) and SA network matching:

rj = cos@;xj)+ cogq;x;) (40)

We call this self-aggregationimproved keywords matching
(SAI-KM). In all experiments below, = 0:5

We apply this retrieval method to 4 standard IR test
datatsets: Medline (1033docs, 30queries),Cran eld (1400
docs, 225 queries), CACM (3204 docs, 64 queries) and
NPL (11429docs, 93 queries) collections.
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Figure 4: Precision-recallcurvesfor Medline, CACM, NPL
and Craneld collections. 4 for keywords matching, g for
SA-improved keywords matching.

Precision-recall curves for Medline, CACM, NPL and

Cran eld collectionsare showvn in Fig.4. The averagepre-
cisions are summarized in Table 1. Here we use tf.idf
term weighting. K =10 for Medline, K =20 for all others.
On Medline, SAI-KM clearly improvesthe retrieval pre-
cisions at all recall levels. It is interesting to note that
LSI also performs well on Medline. The advantage of SA
network is that we only store 2K vectorsF,; G¢, whereas
LSI typically useK = 200, about 20 times more storage.

For CACM and NPL, SAI-KM improves precision at
low recall levels (0-10%). We note that retrieval precision
at low recall areimportant becausean practice userusually
ched the few top returned documerts only.

For Cran eld, SAI-KM performs slightly worse than
standard keywords matching. We note that clustering hy-
pothesiswere rst experimerted on this collection and the
resultsare generallyinferior to keywords matching [18, 19].
By examining the SA networks for Cran eld, the cluster
structure is not detectable, i.e, this collection does not
have clear sub-structures.

In summary, comparing to standard keywords match-
ing, SA network improved retrieval achieves substartially
better retrieval precisionfor Medline, improvesslightly at
low recall for CACM and NPL, and performsslightly worse
for Cran eld. This represems a signi cant progressfrom
earlier work summarizedin [19].

Med CACM NPL Cran
KM 0.463 0.331 0.201 0.478
SAI-KM | 0.522 0.337 0.203 0.467

Table 1: Averagel1-point retrieval precision.

5.2 Document Clustering

We apply SA networks clustering method on newsgroup
articles in 5 newsgroups (see Fig.5). 100 news articles
are randomly selectedfrom ead newsgroup. 1000 words
are selected based on mutual information. The term-
documernt ass@iation matrix B are solved by SVD. The
resultsare showvn in Fig.5. Herewe emphasizethe fact that
words aggregateinto clustersin the K -dim spaceF (see
Eq.36) while documerts are simultgneous clustered using
G«G/. The clustering accuracy [ , tix=N;T = (tj) is
the cortingency table] of the clustering results is 86%. In
comparison,the standard K-means methods hasa cluster-
ing accuracy of 66%, while two improved K-means meth-
ods achieves 76-80%[21].



6 Summary

We present a documert clustering framework connecting
PCA, Kmeans with Hop eld networks. The min-max cut
clustering objective inforces cluster balance and leads to
scaledPCA. Networks constructed with scaledPCA com-
ponerts via Hebb rule has the unique and desirable self-
aggregation property. SA networks improves documert
retrieval and provides an e ectiv e multi-K clustering algo-
rithm, asshownn by a number of experimerts.
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