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Baseline Estimates

@ User and item effects
— systematic tendencies for some users to give higher ratings

o Baseline estimate b,; = pu+ b, + b;

@ Example: a critical user Joe on Titanic
— average overall rating: pu = 3.7
— Titanic better than average b; = .5
— Joe critical: b, = —.3
— b,;i=37—-3—-—4.5=39
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[tem-Based Methods

Better scalability, accuracy and explainability
o Key component: item-item similarity
nij
nj+n

Sij = Pij

o Sk(i;u): k most similar items rated by u
@ Adjusting for user and item effects
; 1

Aui=bui+=——— > si(Ay— by)
2.je sk (iu) Si jesk(iu)
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Latent Factor Methods

Low-rank matrix factorization

o Key ideas: user and item /atent profiles F, and G;,
A — T
Aui — bui + FuGi

@ Low-rank matrix factorization,

min Y (Ay— i~ by —bi = FuGT ) + M|IFull® + || Gil|* + b5 + b7)
(u,i)e0O
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[tem-Based Methods: Extensions

R(u): items rated by u; SX(i) k items most similar to i measured by s;;
Rk(i; u) = R(u) N S¥(i); N(u): items with implicit feedback from u;
N¥(i; u) = N(u) N Sk(i);

@ New formula,

/A4u,- = buf+|Rk(i; U)|_1/2 Z WU(A”J UJ)+|N | 1/2 Z CI_[
JERK(izu) JEN(u)
@ Optimization problem,

min Z (Ayj — o — by — bi—
(u,)€O

2
—IRAE WY wy(Ay — by) = INF(G ) T DT Cij)

JERK(i;u) JENK(i;u)

AC DY wi+ D> i+ bi+b7)
JERK(iu) JeN(u)
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[tem-Based Methods: Connection with Matrix factorization

o Define the symmetric similarity matrix W = [w;] with wj; =0
e Also define A = [/z\u;]
Auj = Auj — buja _j S Rk(i; u)

and 74”,- = 0 otherwise
® The doc-product }_;c g,y Wii(Auyj — buj)gives rise to the matrix
product AW

@ So the model is A ~ AW, ignoring other correction
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Netflix Data

e Validation/Probe set: 1.4 million recent ratings
o Test set/Quiz set: 1.4 million recent ratings
e RMSE
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Experimental Results
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Latent Factor Methods: Extensions

Low-rank matrix factorization

o Extending
Aui - bui + FuGiT

with implicit feedback

Aui = by + (Fu + [N(u)| 7Y% 3 y)GT
JEN(u)
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An Integrated Model

o New formula

UI_bUI+(F +|N |1/2Zy
JEN(u)

HRA G2 D7 wi(Ay — by) + IN(W)[ V2D g

JERK(i;u) JjeN(v)
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Experimental Results

Model 50 factors | 100 factors | 200 factors
SVD 0.9046 0.9025 0.9009
Asymmetric-SVD 0.9037 0.9013 0.9000
SVD++ 0.8952 0.8924 0.8911
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