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The Goal

Scalablaoutines forprovablemaximization of precision at the top of ranked lis

Applications

Drug Discovery
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Rank objects in order of (perceiva@)evance scoreand retrievetop rankedobjects

prec@t) Error Function

‘ Prec@li ): # irrelevant objects in tof{positions if sorted by scorés ‘

Non-convex non-smooth performance measure

Non-additive direct application of SGD/Perceptron methods not possible
Existing WorkJoachim$5]

StructSVM surrogates: not satisfactory

Cuttingplane solvers: unsuitable for large, streaming data

Methodology

Given¢ objects (x;, i), y; € {0,1}

Assign scores = (S1,52,...,5n)

Predict top Oscoring objects aklevant
_earn models that prediggoodscorevectors
_earning on streaming data?
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Question I

Scalable optimization afrec@Qin large-scaleand streamingdata settings

PERCEPTRON® gorithm for Optimizingrec@Q

Question |

Convex Upperboundingand ConditionallyfConsistensurrogates foprec@Q

What is agood Surrogate foprec@c®

A Convexity (CV)

Uorecak(s) is convex over R"™
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A Upperbounding Property (UB)
Corecak(s) > precQk(s) Vs

A Tight under a MarginTuM)
Forclasses of score vectofs

gneig Uorecak(S) = 181161‘191 precQk(s)
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A Notion ofMargin for prec@Q
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Lemma If there exists a linear scoring functitmat realizes aprec@Qmargin of’ |
® then PERCEPTROKMAVG terminates im X?  steps

Lemma If PERCEPTRONIAVG is executed féi'stepsand A, = prec@k(wy)
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Classification Margin

Surrogates foprec@Q

Other ResultsOTB and UC bounds faeck@Qand its surrogates

Ramp Surrogate £ 2. (s)

prec@Fk Penalize score
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Experiments
A Gradient descenbased approach GD@based on surrogates

A Mini-batch versions of PERCEPTRMMH@ GD@D

Avg Surrogate €2 o (5)
A Mistake/generalization bounds via OTB/UC
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Lemma Theavg(ramp) surrogate ifight for any class of score vectcSs  that
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contains a score vector realizing a unit (wealdo@ Qmargin

Training time (secs)
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