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Collaborative Rating
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(Normalized) Discounted Cumulative Gain
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Hop-Step-Jump : Non—-Convex — Convex

Hop : R&&{1—H—IZ5fEL, -NDCGZ&/ME
A(m,y) ;== NDCG(1;.y) — NDCG(7,y) (r=1,T&R/M)
Step : HENT=fETIZEH>TY—FLI-IDEEEZS

Polya-Littlewood-Hardy Inequality : (a.b) < (sort(a),sort(b))
LT(’}T f) = <C__ fﬂ> C; = (£+-1)_0'25
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Maximum Margin Matrix Factorization

Loss: L(X.F.Y):=>» I(F'oIl' sort(Y"))

I . .
'S where IT" = argsort(Y™")

1
Regularize : Q[F] = 5 }11}1%} [tl‘ JIJIT —+ tr [}T{IT]
| subject to MU = F

fakm. ..

A
minimize L(Xipaim. MU, Y) + — [t.r MM'" +tr UUT}
M,U 2

repeat
For fixed M minimize (8) with respect to U.
For fixed U minimize (8) with respect to M.
until No more progress 1s made or a maximum iteration




Bundle Methods
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g(w) 2 max [g(w) + (w — W, Ouwg(w))]

Algorithm 1 Bundle Method

Initialize i =1, wo =0, and W = {wo }.
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repeat
Compute gradient a; and offset b;.
Find minimizer w; := argmin_, J;(w)

Update W — W U {w;} and 7 — i +

until converged

1.




Optimization using Bundle Methods

Algorithm 1 Bundle Method(e)

Initialize t = 0, W, = 0,0y = 0and H =
repeat
Find minimizer M; and value L of the optimization problem

minimize max [tr WU +b;] + AU
[r 0< <t 2
Compute W;1 1 = 0y L{Xirain, MU Y)
Compute by = L(Xipain, MUY ) —tr MW,
it H' :=tr Wﬂlﬂ-ﬂ + by + %tr UUT < H then
Update H — H'
end if
until H — L < ¢
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Computing the loss

B AROL LR -
—— A(m.y) := NDCG(1r.y) — NDCG(r, y)
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Experiments

Dataset Users  Movies Ratings
EachMovie 61265 1623 2811717
MovieLens 983 1682 100000

Netflix 480189 17770 100480507
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