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What is RoBiRank? Learning to Rank

A Robust and Scalable Ranking algorithm: Notations:
e Optimizes for quality on top of the ranking list o X' = set of users, Y = set of items, r,, = rating user x gave to item y
e Directly bounds NDCG (popular evaluation metric for ranking) o ¢(x,y) € R%: extracted feature between z and y, w € R%: model parameter
e Can be efficiently parallelized and scales to very large datasets o f.(z,y) = (d(x,y),w): the score model assigns to item y for user x
e Demonstrates competitive results on both small-medium and large datasets “t‘“
Robust Classification Q _)
Setup: (21, 41), (22, 92), - - -, (T, Yp) with ; € R? and y; € {—1,+1}. , |
User Movies on Netflix
e Binary Classification aims to minimize the number of mistakes in the dataset:
Z I(y; - (x;,w) <0).
Z o(y; - (x;,w)). (Non-robust)
Search Query Documents
When o(t) = logy (1 4+ 277), we get logistic regression. Rank of an item y for user z can be defined as:
When o(t) = max (1 —t,0), we get SVM.
e (z,9) = 3T (fu(o9) - folantf) < 0).
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e
3 . Using this, objective function for ranking can be expressed as:
| Liw) =, > ey o (fulr,y) = fulz,y).
1] \ reX yeY, ZJ’Gy:my'?éy
) Discounted Cumulative Gain (DCG):
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However, Convex objective functions are sensitive to outliers. < log, (rank,(z, y) + 2)’
reEX Yey,
e Using following transformations, Gain of an item degrades logarithmically based on its rank
1 . o o e o e o .
o1(t) = logy(t + 1), polt) =1 | [t turns out, Maximizing DCG < Minimizing Robust version of L(w)
log,(t + 2)
we can bend the loss functions to get: Lo(w) = >: >: Ty - P2 Z o (fulz,y) — fulz,y) | . (Robust Type 1)
reX yny y’ny,y’#y
Li(w) = Z p1(o(y; - {(x;,w))), (Robust Type I) To avoid the vanishing gradient problem, our proposed method - RoBiRank, optimizes:
i=1
Lo(w) = p2 (o(y; - (x;,w))). (Robust Type II) ~
ZZ_; Liw) =Y Y o | Y o(fulzy) = fulz.y) | . (Robust Type I)
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e Results on small-medium datasets:
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—Even if t — oo, Type 1II loss function does not go to oo. 2 4 6 8 1012 14 16 18 20 2 4 6 8 101214 16 18 20
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—Type 1I loss function has stronger statistical guarantees.

—Type 1 loss function is easier to optimize, since its gradient does not vanish.

RoBiRank shows better performance at the top as expected

Latent Collaborative Retrieval

e When the size of the data, especially ) is large,

— Generating features ¢(x, y) for all x and y is challenging

—Computing » | /ey s, 0 (fu(T,y) — fu(@,y)) is expensive
—The data usually consists of implicit feedback: r,, = 0 for most (z, y).

e To avoid the feature engineering burden, let

—user parameter: Uy, Us, ..., U, € R?
—item parameter: Vi, Vs, ... .V, € R?
—score: fu(x,y) = (U, V),

as in matrix factorization. The objective tunction becomes

;: S: Tay = P1 Z o ((Us, Vi) — Uz, Viy))
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e To avoid calculating the summation over ), using the following property of pi(-) |,

E-(t+1)—1
log 2

p1(t) =logy(t + 1) < —log, £ A , (for any £ > 0)

we linearize the objective function:

3 ey S (a0 (U2 Vi = (U, Vi) 1) = 1
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by introducing &,,, for each z,y with r,, # 0.

o [f we uniformly sample (z,y,y') from {(x,y,vy’) : rzy, # 0}, we obtain an unbiased
estimator, which allows us to take stochastic gradient with convergence guaran-
tees.

Parallelization

e User parameters and item parameters are partitioned into multiple machines

e User parameters always stay, item parameters are exchanged after each epoch

e Within each epoch, SGD updates are taken within accessible region (Stratified SGD of
Gemula et al)
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