Recommender Systems

Collaborative Filtering
1. User-based Recommendation[1]

input:

rating matrix: R € RV

where r,; is the rating of user u for item 1.

example:
The Matrix Titanic DieHard ForrestGump Wall-E
John 5 1 ? 2 2
Lucy 1 5 2 5 5
Eric 2 ? 3 5 4
Diane 4 3 5 3 ?
hypothesis:
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where N;(u) is the set of k users most similar to 1 that have rated i.
weights:
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cosine similarity:
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Pearson correlation:

Zielw(rui_,uu)(rvi_ﬂv)

w — PC(M’ V) —

\/Zielw(rui_/’lu)z \/Zielw(r"i_'u")z

issues with Pearson correlation[2].
normalization:
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mean-centering:
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2. Item-based Recommendation[1]

input:
rating matrix: R € RV
where r,; is the rating of user y for item 1.

hypothesis:
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normalization:
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3. Matrix Factorization(SVD)[4,5]

input:
rating matrix: R € RV

where r,; is the rating of user u for item i.

hypothesis:
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cost function:
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add bias:
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regularization:
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stochastic gradient descent[4]:
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cost function 2:

C= Z Cui(Pui — x1yi)* + /1(2 I, 11> + 2 ly;1I1%)

where

Pui = { I, 7i>0 and ¢, =1+ ary,
Oa ryi =

alternating least squares[5,6]:
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