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Multi-way Analysis

3-way DEDICOM

Tensor or 
N-way array

PARAFAC2

Interested in algorithms for 
analysis of large data sets



DEDICOM

• DEcomposition into DIrectional COMponents

• Introduced in 1978 by Harshman

• Past applications
- Study asymmetries in telephone calls among cities
- Marketing research
• car switching: car owners and what they buy next 
• free associations of words for advertising
- Asymmetric measures of world trade (import/export)

• Variations
- Two-way DEDICOM
- Three-way DEDICOM



Two-way DEDICOM

min
A ,R

!
!
! X ! ARA T

!
!
!

2

F

• A (N x P) is an orthogonal matrix of loadings or weights
• R (P x P) is a dense matrix that captures asymmetric relationships

• Decomposition is not unique
- A can be transformed with no loss of fit to the data
- Nonsingular transformation Q:

- Usually “fix” A with some standard rotation (e.g., VARIMAX)

X ≈ ARA T =X A
R AT

s.t. A orthogonal

ARA T = ( AQ )(Q! 1RQ ! T )(AQ )T

N

N P

N

Single domain model



Three-way DEDICOM

=

• A (N x P) is a matrix of loadings or weights (not necessarily orthogonal)
• R (P x P) is a dense matrix that captures asymmetric relationships
• D (P x P x K) is a tensor with diagonal frontal slices giving the weights 

of the columns of A for each slice in third mode

• *Unique* solution with enough slices of X with sufficient variation
- i.e., no rotation of A possible
- greater confidence in interpretation of results

N

N
K

A

AT
RD D

N

P

X k ! AD k RD k AT for k = 1, . . . , K

min
A,R, D

∑

k

∥∥Xk ! ADk RDk AT
∥∥2

F



PARAFAC2

=

• A (N x P) is a matrix of loadings or weights (not necessarily orthogonal)
• H (P x P) is a dense, symmetric matrix (usually positive definite)
• D (P x P x K) is a tensor with diagonal frontal slices giving the weights 

of the columns of A for each slice in third mode

• *Unique* solution with enough slices of X with sufficient variation
- i.e., no rotation of A possible
- greater confidence in interpretation of results
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min
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DEDICOM Models & Algorithms

=X

R AT

=

• Generalized Takane method
• ASALSAN variant
• All-at-once optimization

• Kiersʼ method
• ASALSAN
• All-at-once optimization

X A
R

A

AT

(Takane, 1985; Kiers et al., 1990)

(Kiers, 1993)

2-way
DEDICOM

3-way
DEDICOM

(Bader, Harshman, Kolda, 2007)

(Bader, Harshman, Kolda, 2007)



Kiers! Algorithm

f(R ) =

∥

∥

∥
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

Vec(X 1)
...

Vec(X m)






−
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



AD 1 ⊗ AD 1
...

AD m ⊗ A D m






Vec(R )
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∥
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∥
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∥

∥

Vec(R) =

!
m"

i=1

(Di A
T
ADi ) ⊗ (Di A

T
ADi )

#
−1 m"

i=1

Vec(Di A
T
Xi ADi )

1)  ALS over columns in A

3)  ALS over elements in D

minimize:

2)  Least-squares problem for R

min
A ,R ,D

m!

i=1

"
" Xi ! ADi RDi A

T
"
" 2

F

(involves EVD of dense n x n matrix)

(Kiers, 1993)

Alternating Least Squares
Accurate algorithm 

but not suitable
for large-scale data

O(pn3)



ASALSAN

!
X 1 X T

1 · · · X m X T
m

"
= A

!
D 1RD 1 D 1R T D 1 · · · D mRD m D mR T D m
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I 2m ⊗ A T
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i=1
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X iAD iR T D i + X T

i AD iRD i
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% !

m"

i=1

(B i + C i)

%! 1

Bi ! Di RDi (AT
A)Di R

T
Di ,

Ci ! Di R
T
Di (AT

A)Di RDi .

Solving for A:

where

= AY

min
A ,R ,D

m!

i=1

"
" Xi ! ADi RDi A

T
"
" 2

F

ZT

A = YZ(ZT
Z)−1

“Alternating Simultaneous Approximation, Least Squares, and Newton”

(Bader, Harshman, Kolda, 2007)



ASALSAN

Solving for R:

f(R ) =

∥

∥
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Vec(X 1)
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Vec(X m)
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T
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Vec(Di A
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minimize:

Use the approach in (Kiers, 1993)
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ASALSAN

min
Di

!
! Xi − ADiRDiA

T
!
! 2

F

A = Q ÷A ,

min
D i

∥

∥

∥

QT X i Q ! ÷AD i RD i ÷A T
∥

∥

∥

2

F

gk = −

!

i,j

"
2(X − ADRDA T ) ∗ (ADr kaT

k + akr k,:DA T )
#

i,j

Solving for D:

Use compression
QR factorization:

Use Newtonʼs method to solve the optimization problem for 

Smaller problem (p x p)

hst = −2
!

i,j

"
(X − ADRDA T ) ∗ (asr staT

t + at r tsaT
s )

− (ADr saT
s + asr s:DA T ) ∗ (ADr t aT

t + at r t :DA T )
#

i,j

dnew = d ! H ! 1g

d = diag(D i )

Gradient:

Hessian:



Algorithm Costs

A T A

XiAR
T

X
T
i AR

QT Xi Q

QR factorization of A
O(p2

n)

X i

Dominant costs:   

For small p, updating A is most expensive part

linear in nnz of

ASALSAN is capable of handling large data sets



Timings

working in this space.SpeciÞcally, we Þndanorthonormal
basisQ ! Rn×p of matrix A using,e.g., a compactQR
decomposition,

A = Q ÷A, (11)

where ÷A is uppertriangular. Thenwe useQ to projectX
onto the basisof A. By the orthogonalityof Q, the mini-
mizationproblemof (10) is thesameas

min
D k

∥∥∥QTXkQ " ÷ADkRDk
÷AT

∥∥∥
2

F
, (12)

exceptthatQTXkQ and ÷A arebothof size p # p. We use
thesesmallermatricesin placeof Xk andA, respectively,
in theupdatesof bothR andD in (9) and(10)above.

The dominantcostsof ASALSAN per iterationare lin-
ear in the numberof nonzerosof Xk and/orO(p2n) and
comefrom thefollowing steps:ATA, QR factorizationof
A, XkART , XT

k AR, andQTXkQ. In contrast,thedom-
inant costsin KiersÕALS algorithm [23] comefrom up-
datingA with p diagonalizationsof a densen # n matrix,
costingO(pn3).

3.2 Nonnegative ASALSAN

Becausewe often deal with nonnegative data in X , it
sometimeshelpsto examinedecompositionsthatretainthe
nonnegativecharacteristicsof theoriginaldata.Sowehave
modiÞedASALSAN to computea three-way DEDICOM
model with non-negativity constraintson A, R, and D .
We call this algorithm NN-ASALSAN, for ÒnonnegativeÓ
ASALSAN. ModiÞcationsto theupdatesof bothA andR
aremadeasfollows: we replacethe leastsquaressolution
with themultiplicative updateintroducedin [29] asimple-
mentedin [2]. SpeciÞcally, we modify thestepto solve for
theA appearingon theleft in (5):

aic $ aic

[∑m
k= 1

(
XkADkRTDk + XT

k ADkRDk
)]

ic

[A
∑m

k= 1(Bk + Ck )]ic + !
.

whereBk andCk arethesameasin (7)-(8) above and! is
asmall numberlike10−9. Thesolutionfor R is given by:

Vec(R)i $

Vec(R)i
[∑m

k= 1 Vec(DkATXkADk )
]

i

[
∑m

k= 1(DkATADk ) %(DkATADk )Vec(R)]i + !
.

We usedtheprocedurefor updatingD asabove, using the
samenon-negativity constraints.

An algorithm for a nonnegative two-way DEDICOM
modelfollowsdirectlyfrom NN-ASALSAN whenonecon-
siders a matrix X as an array X having a single slice
(m = 1) andtheD arrayis justtheidentitymatrix.

Table 1. Time in seconds per iteration (aver-
age number of iterations) on both data sets.

Algorithm World trade Enron
ASALSAN 0.069 (50) 0.85 (184)
NN-ASALSAN 0.083 (47) 1.0 (74)
Kiers [23] 0.022 (67) 22.3 (400+)

4 Experimental results

We considertwo applications: a small exampleusing
the internationaltradedatausedpreviously in [20] andthe
largeremailgraphof theEnroncorporationthatwas made
publicduringthefederalinvestigation.

ASALSAN waswritten in MATLAB, usingthe Tensor
Toolbox [5, 6, 7], andKiersÕalgorithm[23] was compiled
Pascalcodeobtainedfrom the author. All testswereper-
formedon a dual 3GHz PentiumXeondesktopcomputer
with 2GBof RAM.

Table1 showsthetimingsperiterationandaveragenum-
berof iterationsto satisfya toleranceof 10−5 (World trade)
or 10−7 (Enron)in thechangeof Þt for thethreealgorithms
(usingthe samestoppingcriteria). We suspectthe perfor-
mancegap on theworld tradeexampleisdueto moreover-
headin our MATLAB coderelative to KiersÕcompiledex-
ecutable.Due to the poor asymptoticscalabilityof KiersÕ
algorithmon thelargerEnrondata,its runningtimeismuch
slowerthanASALSAN. Processinglargerdatasets,thedis-
crepancy will grow evenlarger.

A practicein someapplicationsof DEDICOM is to ig-
nore the diagonalentriesof eachXk in the minimization
of (3). For both applications,this makes sensebecause
we wish to ignoreself-loops(i.e., no self-tradeor sending
email to yourself).We usean imputationtechniqueof esti-
matingthediagonalvaluesfrom thecurrentapproximation
ADkRDkAT ateachiterationandincludingthemin Xk .

4.1 World trade

For a simplealgorithmiccomparison,we testedthe in-
ternationaltrade data of [20]. The data consistsof im-
port/export dataamong18 nationsin Europe,North Amer-
ica, and the PaciÞcRim from 1981 to 1990. A semantic
graphof thisdatacorrespondsto adenseadjacency arrayX
of size18# 18# 10.

We computeda threecomponent(p = 3) model using
ASALSAN andKiersÕalgorithm,andthesameminimizers
maybefoundamongtheresultsof bothalgorithms.Wealso
usedNN-ASALSAN to computea new fully-nonnegative
versionof theDEDICOM model(A, R, D & 0). Because
thenonnegative resultsaremoreeasilyinterpretedandare
new, we reportjusttheseresults.

Time in seconds per iteration (avg iterations)

(Bader, Harshman, Kolda, 2007)

184x184x44
9838 nonzeros

18x18x10
3060 nonzeros



New Approach: 
All-at-once Optimization

min
x

f (x)Minimization problem:

• Need a flexible method to handle
- constraints (e.g., non-negativity)
- regularization (e.g., sparsity)
- missing data
- large-scale data sets

• Want
- speed comparable to ASALSAN
- improved accuracy, if possible

• Follow what has been done with CANDECOMP/PARAFAC 
(see Evrim Acarʼs presentation)

• Use Poblano Optimization Toolbox in MATLAB (Dunlavy, et 
al. 2009)
- Vectorize factor variables and derivatives



Optimization Theory

! 2f(x)

! f (x)T≈ +

s

sT

s

+

f (x)

1

2
f (x + s)

min
x

f (x)

Taylor series approx.

Minimization problem:

! f (x) =

!

"
#

! f
! x1
...

! f
! xn

$

%
& ∇2f (x) =





∂2f
∂x2

1

∂2f
∂x1∂x2

á á á ∂2f
∂x1∂xn

∂2f
∂x2∂x1

∂2f
∂x2

2
á á á ∂2f

∂x2∂xn

...
...

...
∂2f

∂xn ∂x1

∂2f
∂xn ∂x2

á á á ∂2f
∂x2

n





Gradient Hessian



Newton!s Method

xk

sk

x1

x2

! 2f(x)

! f (x)T≈ +

s

sT

s

+

f (x)

1

2
f (x + s)

Taylor series approx.

m(xk + s) = f (xk ) + ! f (xk )T s +
1
2
sT ! 2f (xk )s

! 2f (xk)sk = "! f (xk),

xk+1 = xk + sk

Newtonʼs method:

Local model

Solve for sk



Quasi-Newton Methods

Bk = Bk−1 +
sk−1sT

k−1

sT
k−1yk

− Bk−1yk yT
k Bk−1

yT
k Bk−1yk

.

min
B k

! Bk " Bk! 1 ! F subject to Bk = B T
k , Bk yk = sk! 1,

Hk sk = !" f (xk )

Hk ! " 2f (xk )Approximation to Hessian:

New linear system:

Bk = H ! 1
k

Secant method: use gradients at 
past points to approximate Hessian

BFGS update

sk = ! Bk " f (xk )

yk = ∇f (xk )−∇f (xk−1)



Large-scale Methods

xk

!" f (xk)

xCP
k

x1

x2

! H ! 1
k " f(xk)

Bk = Bk−1 +
sk−1sT

k−1

sT
k−1yk

− Bk−1yk yT
k Bk−1

yT
k Bk−1yk

.

BFGS update

Limited memory BFGS (L-BFGS) keeps 
only m past update vectors sk and yk

Nonlinear Conjugate 
Gradient (NCG)

Steepest descent then move in 
subsequent conjugate directions

These methods are implemented in the Poblano 
Optimization Toolbox for MATLAB (Dunlavy et al. 2009)



Derivatives for 2-way DEDICOM

! f

! Aij
= [! ET AR ! EART ]ij

∂f
∂Rij

= [−AT EA ]ij

E ! Z " ARA T

Objective function: f (A, R) ! 1
2 " E " 2

F = 1
2

∥∥ Z # ARA T
∥∥2

F

Gradient:

AR = A*R;
ARt = A*R';
AtA = A'*A;
G{1} = -Z'*AR - Z*ARt + ARt*(AtA*R) + AR*(AtA*R');
G{2} = -A'*Z*A + AtA*R*AtA;

MATLAB:

Error:



Derivatives for 3-way DEDICOM

Objective function:

Gradient:

Error: Ek ! Zk " ADk RDk AT

f (A, R, D ) ≡ 1
2

K!

k=1

‖Ek ‖2
F = 1

2

K!

k=1

"
" Zk − AD k RD k AT

"
" 2

F

! f
! Aij
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!

!
"

k

E T AD kRD k + EAD kRT Dk

#

ij

! f

! Rij
=

!

!
"

k

AT DkEDkA

#

ij

! f
! Dkj

= AD k r j Eaj + aT
j Er j, :Dk AT



Derivatives for 3-way DEDICOM

for k = 1:size(D,1)
  DktDk = D(k,:)'*D(k,:);
  Rk = R.*DktDk;
  AR = A*Rk;
  ARt = A*Rk';
  E =  AR*A' - Z(:,:,k);
  G{1} = G{1} + E'*AR + E*ARt;
  G{2} = G{2} + (A'*E*A).*DktDk;

  ADR = A*(diag(D(k,:))*R);
  RDA = (R*diag(D(k,:)))*A';
  for j = 1:size(D,2)
    G{3}(k,j) = ADR(:,j)'*E*A(:,j) + A(:,j)'*E*RDA(j,:)';
  end
end

MATLAB:



Results

• Synthetic data
• 20x20x9
• Random initialization 

(5% error)
• No noise in X
• p = 2
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Results

• Synthetic data
• 20x20x9
• Random initialization 

(5% error)
• 0.1% noise in X
• p = 2
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Results

• Synthetic data
• 50x50x35
• Random initialization 

(5% error)
• 0.1% noise in X
• Oblique factors A
• p = 2
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Results

• Enron email data
• 184x184x44
• 9838 nnz
• p = 4
• Random 

initialization
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Derivatives for PARAFAC2

Objective function:

Gradient:

Error: Ek ! Zk " AD kHD kAT

f(A, H, D) ! 1
2
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F = 1
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k
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#

ij



Discussion

• All-at-once optimization is competitive but not the best.  
ASALSAN is fastest on real data.
- DEDICOM and PARAFAC2 are difficult nonlinear 

optimization problems with multiple minima
- ALSALSAN includes some second order information

• Optimization approach convenient for:
- Different loss functions (other than least squares)
- General constraints (e.g., non-negativity)
- Regularization (e.g., sparsity)
- Missing data

• Future research will explore these benefits and aim for better 
performance



Applications

DEDICOM

Tensor or 
N-way array

PARAFAC2• Temporal social network analysis (Enron)
• Community finding
• Part-of-speech tagging

• Multilingual document analysis



Using PARAFAC2 for 
Multilingual Document 

Clustering

Joint work with Peter Chew



Basics: Graphs and Matrices

Term-by-doc (adjacency) matrix

Documents

MATRICES, VECTOR SPACES, AND INFORMATION RETRIEVAL 341

The t = 6 terms :

T1: bak(e,ing)
T2: recipes
T3: bread
T4: cake
T5: pastr(y,ies)
T6: pie

The d = 5 documen t titles:

D1: How to Bake Bread Without Recipes
D2: The ClassicArt of ViennesePastry
D3: Numerical Recipes: The Art of ScientiÞc Computing
D4: Breads, Pastries, Pies and Cakes: Quantit y Baking Recipes
D5: Pastry: A Book of Best French Recipes

The 6 ! 5 term-by-document matrix before normalization, where the
element öaij is the number of times term i appears in document title j:

öA =

!

"
"
"
"
"
#

1 0 0 1 0
1 0 1 1 1
1 0 0 1 0
0 0 0 1 0
0 1 0 1 1
0 0 0 1 0

$

%
%
%
%
%
&

The 6 ! 5 term-by-document matrix with unit columns:

A =

!

"
"
"
"
"
#

0.5774 0 0 0.4082 0
0.5774 0 1.0000 0.4082 0.7071
0.5774 0 0 0.4082 0

0 0 0 0.4082 0
0 1.0000 0 0.4082 0.7071
0 0 0 0.4082 0

$

%
%
%
%
%
&

Fig. 2.2 The construction of a term-by-document matrix A .

are returned as relevant. The second, third, and Þfth documents, which concern
neither of thesetopics, are correctly ignored.

If the user had simply requestedbooks about baking, however, the results would
have beenmarkedly di! erent. In this case,the query vector is given by

q(2) = ( 1 0 0 0 0 0)T ,

and the cosinesof the angles between the query and Þve document vectors are, in
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The d = 5 documen t titles:

D1: How to Bake Bread Without Recipes
D2: The Classic Art of Viennese Pastry
D3: Numerical Recipes: The Art of Scientific Computing
D4: Breads, Pastries, Pies and Cakes: Quantity Baking Recipes
D5: Pastry: A Book of Best French Recipes

The 6 ! 5 term-by-document matrix before normalization, where the
element âij is the number of times term i appears in document title j :
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Fig. 2.2 The construction of a term-by-do cument matrix A .

are returned as relevant. The second, third, and fifth documents, which concern
neither of these topics, are correctly ignored.

If the user had simply requested books about baking, however, the results would
have been markedly different. In this case, the query vector is given by

q(2) = ( 1 0 0 0 0 0 )T ,

and the cosines of the angles between the query and five document vectors are, in
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The t = 6 terms:

T1: bak(e,ing)
T2: recipes
T3: bread
T4: cake
T5: pastr(y,ies)
T6: pie

The d = 5 document titles:

D1: How to Bake Bread Without Recipes
D2: The Classic Art of Viennese Pastry
D3: Numerical Recipes: The Art of Scientific Computing
D4: Breads, Pastries, Pies and Cakes: Quantity Baking Recipes
D5: Pastry: A Book of Best French Recipes

The 6 × 5 term-by-document matrix before normalization, where the
element âij is the number of times term i appears in document title j :
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


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1 0 1 1 1
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The 6 × 5 term-by-document matrix with unit columns:
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

0.5774 0 0 0.4082 0
0.5774 0 1.0000 0.4082 0.7071
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0 0 0 0.4082 0
0 1.0000 0 0.4082 0.7071
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
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Fig. 2.2 The construction of a term-by-do cument matrix A.

are returned as relevant. The second, third, and fifth documents, which concern
neither of these topics, are correctly ignored.

If the user had simply requested books about baking, however, the results would
have been markedly di! erent. In this case, the query vector is given by

q(2) = ( 1 0 0 0 0 0 )T ,

and the cosines of the angles between the query and five document vectors are, in

example from (Berry, Drmac, Jessup, 1999) 

Bipartite graph

Terms

T2
T1

T4
T3

T6
T5

D2
D1

D4
D3

D5

T2
T1

T4
T3

T6
T5

D1 D2 D3 D4 D5

Concepts

• Bag of words
• Vector space model
• Stemming
• Stoplists
• Scaling for information content



Cross-language Information 
Retrieval (CLIR)

Web documents could be in any language

English

French

Arabic

Spanish

English
German
Japanese
French
Chinese Simplified
Spanish
Russian
Dutch
Korean
Polish
Portuguese
Chinese Traditional
Swedish
Czech
Norwegian
Italian
Danish
Hungarian
Finnish
Hebrew
Arabic
Turkish
Slovak
Indonesian
Bulgarian
Croatian
Catalan
Slovenian
Greek
Romanian
Serbian
Estonian
Icelandic
Lithuanian
Latvian

Languages on the web

Goal: Cluster documents 
by topic regardless of 

language

(P. Chew, B. Bader, A. Abdelali (NMSU), T. Kolda, P. Kegelmeyer)



Bible as a "Rosetta Stone!

• The Bible has been translated carefully and widely 
- 451 complete & 2479 partial translations
• Verse aligned

Afrikaans Estonian Norwegian

Albanian Finnish Persian (Farsi)

Amharic French Polish

Arabic German Portuguese

Aramaic Greek (New Testament) Romani

Armenian Eastern Greek (Modern) Romanian

Armenian Western Hebrew (Old Testament) Russian

Basque Hebrew (Modern) Scots Gaelic

Breton Hungarian Spanish

Chamorro Indonesian Swahili

Chinese (Simplified) Italian Swedish

Chinese (Traditional) Japanese Tagalog

Croatian Korean Thai

Czech Latin Turkish

Danish Latvian Ukrainian

Dutch Lithuanian Vietnamese

English Manx Gaelic Wolof

Esperanto Maori Xhosa

Sandiaʼs database: 54 languages:  99.76 % coverage of web



Bible as Parallel Corpus

5 languages for training and testing

Translation Terms Total Words

English (King James) 12,335 789,744

Spanish (Reina Valera 1909) 28,456 704,004

Russian (Synodal 1876) 47,226 560,524

Arabic (Smith Van Dyke) 55,300 440,435

French (Darby) 20,428 812,947

• Languages convey information in different number of words

Isolating language Synthetic language
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Language Morphology

• Isolating language:  One morpheme per word
- e.g., "He travelled by hovercraft on the sea." Largely isolating, but travelled and hovercraft each 

have two morphemes per word.  (Wikipedia)

• Synthetic language:  High morpheme-per-word ratio
- German: Aufsichtsratsmitgliederversammlung => "On-view-council-with-limbs-gathering" meaning 

"meeting of members of the supervisory board".  (Wikipedia)
- Chulym: Aalychtypiskem => "I went out moose hunting"  
- Yupʼik Eskimo: tuntusssuatarniksaitengqiggtuq => “He had not yet said again that he was going to 

hunt reindeer.”  (Payne, 1997)

Translation Terms Total Words

English (King James) 12,335 789,744

Arabic (Smith Van Dyke) 55,300 440,435

Isolating language Synthetic language

Chinese Quechua, Inuit (Eskimo)

Languages convey information in different number of words



Term-Doc Matrix

Term-by-verse matrix 
for all languages

terms

Bible verses

English

Spanish

Russian

Arabic

French

163,745 x 31,230

Look for co-occurrence of 
terms in the same verses 
and across languages to 
capture latent concepts

• Approach is not new
- pairs of languages in LSA suggested by (Berry et al., 1994)
- multi-parallel corpus is new



Latent Semantic Indexing

Term-by-verse matrix 
for all languages

terms

Bible verses

English

Spanish

Russian

Arabic

French

U
V! T

Truncated SVD

Project new documents of interest into subspace of UΣ-1

•  cosine similarities for clustering
•  machine learning applications

term x concept

dimension 1 0.1375
dimension 2 0.1052
dimension 3 0.0341
dimension 4 0.0441
dimension 5 -0.0087
dimension 6 0.0410
dimension 7 0.1011
dimension 8 0.0020
dimension 9 0.0518
dimension 10 0.0822
dimension 11 -0.0101
dimension 12 -0.1154
dimension 13 -0.0990
dimension 14 0.0228
dimension 15 -0.0520
dimension 16 0.1096
dimension 17 0.0294
dimension 18 0.0495
dimension 19 0.0553
dimension 20 0.1598

Project
new document

Document 
feature 
vector

Ak = Uk ! k V T
k =

k!

i =1

! i ui vT
i



Quran as Test Set

• Quran is translated into many languages, just like the Bible

• 114 suras (or chapters)

• More variation across translations => harder IR task



Performance Metrics

• Precision at 1 document (P1)
- Equals 100% if the translation of the query ranked 

highest, 0% otherwise
- Calculated as an average over all queries for each 

language pair or as a total average
- Essentially, P1 measures success in retrieving 

documents when the source and target languages are 
specified

• Average multilingual precision at 5 (or n) documents (MP5)
- The average percentage of the top 5 documents that 

are translations of the query document
- Calculated as an average for all queries & all languages
- Essentially, MP5 measures success in multilingual 

clustering

• MP5 is a stricter measure than P1 because the retrieval 
task is harder

?

?

?

Lang 1

Lang 1
Lang 2

query

query



LSA Results

Documents tend to cluster more by language than by topic

5 languages, 240 latent dimensions

(Chew,Bader,Kolda,Abdelali, 2007)

Method Average P1 Average MP5

SVD/LSA 76.0% 26.1%



LSA Results

Method Average P1 Average MP5

SVD/LSA (! =1) 76.0% 26.1%

SVD/LSA (! =1.8) 87.6% 65.5%

5 languages, 240 latent dimensions



New Approach: Multi-matrix Array

X
5

X
4

X
3X

2English

X
1

Spanish

Russian

Arabic

French

Term-by-verse matrix 
for each language

(Chew, Bader, Kolda, Abdelali, 2007)

Array size: 55,300 x 31,230 x 5 with 2,765,719 nonzeros



Tucker1

VT
S1=

U1X1

X2

X3

U2

U3

!

!Tucker

Tucker1



Tucker1 Results

Only minor improvement because each Uk is not orthogonal 

5 languages, 240 latent dimensions

Method Average P1 Average MP5

SVD/LSA (! =1) 76.0% 26.1%

SVD/LSA 87.6% 65.5%

Tucker1 89.5% 71.3%



PARAFAC2

Where each Uk is orthonormal 
and Sk is diagonal

X k ! Uk HSk V T

(Harshman, 1972)



PARAFAC2 Results

Modest improvement over LSA 

5 languages, 240 latent dimensions

Method Average P1 Average MP5

SVD/LSA (! =1) 76.0% 26.1%

SVD/LSA 87.6% 65.5%

Tucker1 89.5% 71.3%

PARAFAC2 89.8% 78.5%



Bible, color-coded according to language, are represented in the vector space.
18

 Note that 

the books cluster first to their counterparts in other languages, and then into larger 

clusters containing related books; this kind of visualization is possible only when MP6 is 

satisfactorily high. In summary, these techniques have effectively allowed us to factor 

language out, focusing only on topic, just as we had hoped. 

 

Figure 6. Visualization of multilingual Bible books in vector space 

 
18 To create this visualization, we used Tamale 1.2. The graph layout is created using VxOrd. Both are 

software created in-house at Sandia National Laboratories. For further details on VxOrd, see Boyack et al. 

(2005). 

Bible Clustering with LMSATA

• Books of the Bible color 
coded by language
• MP5 about 90%
• Books cluster first with 

their counterparts in 
other languages, then in 
larger clusters by topic 

• Visualization software: Tamale 1.2
• Graph layout:  VxOrd (Boyack et 

al., 2005)



Graph Layout (close-up) 

Figure 7. Partial visualization of multilingual Bible books in vector space 

 
7 Discussion 

 
In this paper, we have offered what we believe to be clear evidence that computational 
linguistics provides fertile ground for rethinking many of the standard techniques of 
information retrieval. This is true because of the strong basis CL has in information 
theory. All of our proposed modifications (weighting term-document pairs according to 
mutual information; redefining the ÔtermÕ as the morpheme, or minimal unit of meaning; 
not excluding high-entropy terms; and including term alignments of the sort used in 
SMT) have obvious connections to IT. What is more, if included in an IR framework, 
they clarify the relationship between IT and IR, theoretically strengthening the latter 
without necessarily getting in the way of speed and efficiency. 
 
We have examined four basic types of modification, but we believe that there are further 
opportunities for improvement. An obvious example is that instead of limiting the 
morphological component to stem-suffix tokenization, we could also take prefixes and 
word-internal suffixes into account. Similarly, the performance of our CLIR model with 
respect to Arabic and other Semitic languages could be improved if the morphological 
component were able to identify non-concatenative roots and patterns. 
 
Following this line of reasoning further, one could conceive of building a phonological 
and/or morphophonological component into the framework without compromising its 
basis in unsupervised learning. If morphological regularities can be learned in an 
unsupervised manner, there is no reason in principle why morphophonological 
regularities of the sort described in Chomsky and Halle (1968) cannot also be learned in 
the same way. Where morphophonological or phonological alternations are reflected in 
orthography, as in English divid+e/divis+ion or Russian !"#$%&+' /!"#$%(+#), one can 

• John and Acts have tight clusters
• Some mixing with Matthew, Mark, 

Luke (synoptic gospels - share a 
similar perspective)



Using DEDICOM for 
Completely Unsupervised 
Part-of-Speech Tagging

Joint work with Peter Chew



Approaches to POS tagging (1)

¥Supervised

ÐRule-based (e.g. Harris 1962)
¥Dictionary + manually developed rules
¥Brittle Ð approach doesnÕt port to new domains

ÐStochastic (e.g. Stolz et al. 1965, Church 1988)
¥Examples: HMMs, CRFs
¥Relies on estimation of emission and transition 
probabilities from a tagged training corpus

¥Again, difficulty in porting to new domains



Approaches to POS tagging (2)

¥Unsupervised
ÐAll approaches exploit distributional patterns
ÐSingular Value Decomposition (SVD) of term-

adjacency matrix (SchŸtze 1993, 1995)
ÐGraph clustering (Biemann 2006)

ÐOur approach: DEDICOM of term-adjacency 
matrix

ÐMost similar to SchŸtze (1993, 1995)
Advantages:

¥ can be reconciled to stochastic approaches
¥ completely unsupervised, like SVD and graph clustering
¥ initial results appear promising



DEDICOM Ð application to POS tagging

¥The assumption that terms are a Òsingle set of objectsÓ , whether 
they precede or follow, sets DEDICOM apart from SVD and other 
unsupervised approaches

¥This assumption models the fact that tokens play the same 
syntactic role whether we view them as the first or second element 
in a bigram

Term adjacency matrix ÔRÕ matrix

ÔAÕ matrix



Comparing DEDICOM output to HMM input

¥The output of DEDICOM is essentially a transition and emission 
probability matrix

¥DEDICOM offers the possibility of getting the familiar transition 
and emission probabilities without tagged training data

ÔRÕ matrix

ÔAÕ matrix

Output of DEDICOM

Transition prob. matrix

Emission prob. matrix

Input to HMM
(after normalization of counts)



Validation: method 1 (theoretical)

¥Hypothetical example - suppose tagged training corpus exists

The man walked the big dog

DT NN VBD DT JJ NN

Corpus:

X:

A*: term-tag counts R*: tag-adjacency counts

¥By definition (subject to difference of 1 for final token):
Ð row sums of X = col sums of X = row sums of A*
Ð col sums of A* = row sums of R* = col sums of R*

sparse matrix of 
bigram counts



Validation: method 1 (theoretical)

¥To turn A* and R* into transition and emission probability 
matrices, we simply multiply each by a diagonal matrix D where 
the entries are the inverses of the row-sum vector

¥If the DEDICOM model is a good one, we should be able to 
multiply A*DR*D(A*) T to approximate the original matrix X

¥In our example, A*DR*D(A*) T =

¥This approximates X, and it also captures some syntactic 
regularities which arenÕt instantiated in the corpus (this is one 
reason HMM-based POS tagging is successful)



Validation: method 2 (empirical)

¥Use a tagged corpus (CONLL 2000)
ÐCONLL 2000 has 19,440 distinct terms
ÐThere are 44 distinct tags in the tagset (our Ògold standardÓ)

¥Tabulate X matrix (solely from bigram frequencies, blind to tags)

¥Fit DEDICOM model to X (using k = 44) to ÔlearnÕ emission and 
transition probability matrices

¥Use these as input to a HMM; tag each token with a numerical 
index (one of the DEDICOM ÔdimensionsÕ)

¥Evaluate by looking at correlation of induced tags with the 44 
Ògold standardÓ tags in a confusion matrix



Validation: method 2 (empirical)

Confusion matrix: correlation with ÔidealÕ diagonal matrix = 0.494

Assuming the Ôgold standardÕ is the optimal tagging scheme, the ideal 
confusion matrix would have one DEDICOM class per Ôgold standardÕ tag 

(either a diagonal matrix or some permutation thereof). 

DEDICOM tags

Gold 
standard 

tag



Validation: method 2 (empirical)

¥Examples of DEDICOM dimensions or clusters:

Soft clustering:  U.S. appears under tag 2 (nouns) and tag 8 (adjectives)

ÒNNÓ

ÒNNÓ

ÒDTÓ

Tag 3:  Grouping of ÔnewÕ with ÔtheÕ and ÔaÕ explained by distributional similarities (all 
precede nouns).  This is also in accordance with a traditional English grammar, which held 

that determiners are a type of adjective. 



Future Work in POS Tagging

• Constrained DEDICOM
- Tags for common terms (e.g., determiners, prepositions)
- Semi-supervised learning

• Analyze multiple corpora via 3-way DEDICOM

• Constraints on R matrix in DEDICOM



Discussion and Questions

• Challenges with global optimization
- Ways reduce search space and find global minimizer 
- Deterministic algorithm that returns a good approximation 

to global solution

• Fast algorithms for large-scale problems

• Other data analysis models
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