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Sparse Data,

Matrix Factorization-Based Approaches
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Input: 7”: training set, ): learning rate, A: regularization factor ’Ye\t.ocs L
Output: P*,Q*: the user and item feature matrices <ML 200
1 Partition 7" into two sets: 7’1, T’ (validation set)
» Initialize P and Q with small random numbers.
3 loop until the terminal condition is met. One epoch:

update p,,, the u-th row of P,
and q;, the i-th column of Q according to Eq. (7);
10 calculate the RMSE on 77};

4 iterate over each (u,i,r,;) element of 7’ I':__f st

5 compute e),;; -

6 compute the gradient of em, according to Eq. (6);
7 for each k

8

9

11 if the RMSE on 7'y was better than in any previous epoch:

12 LetP* =Pand Q" = Q.

13 terminal condition: RMSE on ‘7" 11 does not decrease during(two ppochs.
14 end —

Algorithm 1: Training algorithm for RISMF
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Non-Negative Matrix Factorization

letters to nature

Leamning the Erts of objects by
non-negative matrix factorization

Daniel D. Lee* & H. Sebastian Seung* +
— e —

* Bell Laboratories, Lucent Technologies, Murray Hill, New Jersey 07974, USA
T Department of Brain and Cognitive Sciences, Massachusetts Institute of
Technology, Cambridge, Massachusetts 02139, USA

is psychological' and physiological™* evidence for parts-based
representations in the brain, and certain computational theories
of object recognition rely on such representations'”. But little is
known about how brains or computers might learn the parts of
objects. Here we demonstrate an algorithm for non-negative
matrix factorization that is able to learn parts of faces and
semantic features of text. This is in contrast to other methods,
such as principal components analysis and vector quantization,
that learn holistic, not parts-based, representations. Non-negative
matrix factorization is distinguished from the other methods by
its use of non-negativity constraints. These constraints lead to a
parts-based representation because they allow only additive, not
subtractive, combinations. When non-negative matrix factoriza-
tion is implemented as a neural network, parts-based representa-
tions emerge by virtue of two properties: the firing rates of
neurons are never negative and synaptic strengths do not
change sign.
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‘) Original Figure 1 Non-negative matrix factorization (NMF) learns a parts-based representation of
/ g"P faces, whereas vector quantization (VQ) and principal components analysis (PCA) learn

NMF holistic representations. The three learning methods were applied to a database of

__-i_'__ i __i_:j _‘__L_ m = 2,429 facial images, each consisting of n = 19 X 19 pixels, and constituting an
TR IEJ AV n X m matrix V. All three find approximate factorizations of the form VV = WH, but with
'"f"*‘"'! .""":'"-'!'7' three different types of constraints on I and H, as described more fully in the main text
"‘1';"‘{"1:*"'%" ; --i-“ and methods. As shown in the 7 X 7 montages, each method has learned a set of
-:::i----:r'- -_‘1: -=-1:---i--\-b-‘ r = 49 basis images. Positive values are illustrated with black pixels and negative values
o deai-a e ¥ e with red pixels. A particular instance of a face, shown at top right, is approximately
___' __f__j__:'_: l'_l_: X = represented by a linear superposition of basis images. The coefficients of the linear

? ': \i L i‘ ': N ‘!L") superposition are shown next to each montage, in a 7 X 7 grid, and the resulting

superpositions are shown on the other side of the equality sign. Unlike VQ and PCA, NMF
learns to represent faces with a set of basis images resembling parts of faces.




Matrix Tri-Factorization
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Phenotype Ontology
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Phenotype-to-phenotype
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neural network
decoder

neural network

encoder

loss = || x-X||? + KLI ,N(O, )]
S =

|[ x-d(2) []* + KL »N(0,1)]
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Connectivity-Based Clustering — (A-’:-QA"QNQ,(A;MD’Q c,—L.@
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Centroid-Based Clustering \¢ —boew g CZ,JM)
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Assessment of Cluster Quality
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Number of Clusters
© Fixed: | i |“]

Ofrom [ 2[Jto [ 8[)

k-Means

Preprocessing

[ Normalize columns ]

Initialization

[ Initialize with KMeans++

Re-runs: -
Maximum iterations:

( Apply Automatically |
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Density-Based Clustering 3‘% SCAN
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Estimated number of clusters: 3




DBSCAN
k-means



Distribution-Based Clustering \ ?mb_okﬂs":c C@r@
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Interpretation

P2 ov—“d;w( “pees

— /L Oy,
—+ V'\%Eofﬁiﬁf%&: (+ c%) mwsfm)

~+— L,we;lu oo M}'.s--—\

—>p V 2. r&M— g--¢9%\-‘

dO(A.&/OEfQ—L L%O(sb(agy\



