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» Non-negative Matrix Factorization (NMF)
» Graph regularized NMF (GNMF)

» Double Manifolds Regularized Non-negative Matrix
Factorization (DMR-NMF)




» NMF aims to find two non-negative matrices whose
product can well approximate the original matrix.

» Mathematically, Given a data matrix X =

{x{,"*,X,} € R¥™, each column of X is a sample
vector. NMF aims to find two nonnegative matrices

U = [u;;] € R%*and V = [v;;] € R**™ which
minimize the following objective function:

Mmingsovso 1X — UV||%
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Optimization: iterative updates of the two factor
matrices U,V

T
41 e AV
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t+1 t (Ui,:T+1X)l]
Vij < Vij T
(Ues1Ue+1V1)i;

Convergence: above update steps will find a local
minimum of the objective function.
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» NMF performs this learning in the Euclidean space. It fails
to discover the intrinsic geometrical and discriminating
structure of the data space, which is essential to the real
applications.

» Graph regularized Non-negative Matrix Factorization
(GNMF) algorithm avoids this limitation by incorporating a
geometrically based regularizer.




» Graph Laplacian regularizer

1 2
~Xli=iWijl|vi — v
It can be rewritten as
Tr(VLVT)

where L = D — W is the graph Laplacian matrix of
adjacency matrix W and D is the diagonal matrix W'.




»the graph regularized NMF (GNMF) model is
formulated as

Minysov=o0 | X — UV||12: T aTr(VLVT),

where L = D — W is the graph Laplacian matrix of
adjacency matrix W and D is the diagonal matrix WV
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Motivation:

» The similarity matrix W is artificially defined according
to raw feature in advance, which may be not accurate
since the existence of noises. Thus, W in GNMF is not
an optimal graph for characterizing the complex
intrinsic structure of data.

» And, the global structure of data is not explored for
GNMF. Those reduce the flexibility of NMF and heavily
affect the performance of the algorithm.




» Low rank representation(LRR) aims to seek low-rank
affinity graph which can effectively reveal the global
structures of data.

» And due to the complex data distribution, the single
manifold structures (such as only global or only
local) may be not sufficient to describe the
underlying true structure.
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The objective function of DMR-NMF is formulated as
0 =X = UV|z + aTr(VLVD)+BlIZIl. +yIIlV = VZIZ.

Similar to NMF and GNMF, we add the non-negative
constraintson U, V/, i.e,,

minysoyv=0z O(X,U,V,L,Z)
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Kmeans NMF  GNMF  SDNMF  DMR-NMF | Kmeans NMF  GNMF  SDNMF DMR-NMF
10 TH.80 THh.ad  T7.60 77.70 80.00 T3.7T8 T4.36  T4.69 72,34 TR.62
ORL 20 6370 66.70  68.20 68.50 69.30 72.4 T2.08  T4.85 Th.04 T6.08
30 5933 6140 61.00 61.58 63.17 T0.62 71.32 T273 T1.06 T73.19
40 750 a7 5895 60.90 59.75 T1.50 71.62 T2.44 72.40 T3.62
D T6.20 T9.80  89.40 89.00 92.40 68.42 T0.22  B4.7T 83.54 87.03
UMIST 10 6670 7000 80.00 7310 83.00 6737 69.09  TR.7H 78.26 80.90
: 15 61.47 6040 6887 G960 T2.27 6670 60.27  TAT8 74.58 T6.14
20 5465 o695 66.75 6460 68.55 fifi. 66 67.20 T2.81 T1.79 74.90
D 79.27 T8 B4.00 T8.55 86.18 fi4.50 67.34  T3.84 64.53 T4.08
7 7606 T4.20 Th.44 T6.10 82.86 .62 60.54 6474 64.50 68.47
Yale 9 G8.48 6646  T1.52 71.11 T73.94 0497 24.02 6070 nh.6(0 61.83
L1 6099 6116 6314 61.36 65.95 4937 A.74  54.22 49.83 8531
13 ne. 18 a7 M) 58.80 H7.48 60.35 49.12 48.74  49.56 al.04 52.31
15 HH.88 452 H6.A6 H7.568 58.42 49,65 48.34  5H1.86 51.73 52.04
4 01.32 9090 9535 05.42 98.7T1 8407 0.94 9201 92.01 95.32
8 85.14 sh.66  91.70 91.15 92.88 TH.T3 TH.Th  B8.84 85.70 90.09
COIL20 | 12 T8.45 73.02 8532 86.92 88.23 Th.68 7205 5128 84.73 85H.28
L6 7347 6964  B1.25 80.94 83.09 T72.81 68.43 B2.73 83.56 84.23
20 G856 669 TH.25 78.04 T9.55 T1.05 67.42  B0.69 81.41 81.43
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