UNIVERSITY OF

CONSISTENT ALGORITHMS FOR MULTI-LABEL
CLASSIFICATION WITH MACRO-AT-k METRICS

Rohit Babbar!®  Strom Borman*
*Yahoo Research, Champaign, USA

Erik Schultheis!

t Aalto University, Helsinki, Finland

Wojtek Kottowski?

‘Poznan University of Technology, Poland

Marek Wydmuch?
*University of Bath, UK

Krzysztot Dembczyﬁsk12>5

Aalto University >Yahoo Research, New York, USA

Multi-label classification with budget at £ Population Utility Framework Difficulty of optimizing metrics-at-£ Read the paper Try our library
Ok AE0, s (@
_Multi-label classification: € X — y € Y = {0, 1} Two conflicting statistical frameworks: The budget at k£ couples the label-wise binary problem:s: $.;§;:§‘~;,§g mg I n ol = g-g;} &:zzg._é;;j%
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—In areas of extreme classification and recommender systems, E)fpected Te.s.t Utlllty (ETU): POI.)ulé.ltIOI.I Utthy (PU): Given Distribution A | B Optimal h’\(x) | hj(x) ﬁ:%ﬁ*g?év‘ﬁ ”g -*?’E‘?{:;;;%%y{ i
many problems are naturally budgeted at k, i.e., one needs tO leen d SpElelC Set Of lnStanCES d dlStrlbUtlon Of lnStanceS, hOW P 771 772 773 7 79 73 @*2 % of.;gi'.'»:::‘.:} https://github.com/mwydmuch/xCOLUMNSs @’i&:::“::‘g;:'.z:g".gf.;d:
make exactly k predictions (||g|; = k). with unknown stochastic labels, well can we expect a classifier to z, | 0510402 0.6 z 110011/ 1
how well can we expect a classi- perform on the population level, z, 05 08 04 04108 1 1 0 )
ey Adher e e | fier to perform: i.e., for an infinite sample: EXPerlmental results
Uiaccard(C(R, A)) ~ 0.454, Uyaccard(C (%, B)) ~ 0.471.
i | | 1 Vo= E @ ((A?(Y, ff))] Upyy = W ( ﬂ[é( y Q)D We compare classifiers found using the Frank Wolfe algorithm with
= o X ) ) ° ° ° o o . . . . .
. > y Finding the optimal PU classifier with popular re-weighting strategies:
The PU allows for pointwise predictions, independently for each x, We find the optimal classifier h using Frank Wolfe-based Mediamill RCVIX
while ETU requires whole set of instances to provide the prediction. optimization procedure: Inference Instance @5 Instance @5
strategy Prec Rec Prec Rec F1  Prec Rec  Prec Rec Fl
The ovptimal PU classifier 1. Split training set S into S; (for learning 77(x)) and S (used by Frank-Wolfe). Tor-K 51.96 62.04 12.85 875 7.71|52.30 81.96|12.77 7.61 7.64
Macro-at- Em atriCS p 2. Initialize probabilistic classifier as a set of deterministic classifiers h < {hV} %OP'E“"EZZ gig gggé ﬁgg ggg 138‘51 451?4112 ggig 1282 ggg ﬁ’gg
and their probabilities o + {a" = 1} and calculate C" < C(h", S»). Or-R+w ' ' ' ‘ ‘ ‘ ' ‘ ' '
— Conditional marginal probability of a label: n;(x) = Ply; =1 | x]. oAb T N . MACRO-Pry | 699 896 17.29 879 3.17|29.40 49.81|21.69 572 531
Instead of calculating and aver- ; T2l =1 ) , S YOS e o 3. Perform iteration ¢ until convergance: —_ MACRO-Rppor | 738 725 891 2650 671 3477 5628 13.13 2459 12.77
, | | djmjw | ® B 6H) Randomized classifier budgeted at & is defined as probability of 3.1. Calculate tensor of gradients of C'~! with respect to ¥ MACRO-Rww | 738 725 891 2650 671 3415 5524 1315 24.89 12.73
aglmgl Pel‘fOI‘I?in(ie J?St?Ce'Wlse, 11 11 o 1 : 0 o 0 : 0 |2 /38 predicting y,; for given x: h;(x) .= Ply; =1 | ] and ||h||; = & G' + Vo (C . MACRO-Flpy | 43.57 51.60 1520 15.05 13.82 44.42 71.86 21.96 1225 13.68
calculate per-labe and average A Tt VA Ve Vel : : : , 3.2. Construct the next classifier: h'(x) « t '®7(x) + b) with
over labels ( ) N A LA LA LA LA LAY — Population confusion matrix of h: @i GGl -G -Gl b(;’i Géjpf(ééo- n(@) +b)
) no 3. %1 1 0 ; 0 | 1 : 1 033 Cj(h.> _ 4[6’] _ 0[(1 — 77]'(33‘))(1 _ h](a:'))] B[(1 — 77](213)>h3($)] 3.3. C.alculate the Confu.sior? tensor Qithe nex’f classifier h*: C' + é(hi,SQ). InterPOIatEd metrics
Yak(Y,Y) = Z D (Y., 7.5) w11 710 71T 710 710 [0 13 1) e [ni(2)(1 — hy(x))] S [ni(x)hy(x)] ‘ 3.4. Fénd the best combination of (23_21 and,C :
pa 1017070 o afgmai@e[g,_l]lﬁp((t —/@)C +aC’), — Optimizing macro-measures incurs a significant drop in
L 541011 0] 0| 0| 3 —Set of confusion tensors achievable by h: Cp* = {C(h) : h € H}. C' e (1-a)C +a'C. | , instance-wise measures.
—Can balance contribution from ak - : . : 3.5. Update the probabilistic classifier: h <~ hU{h'}, a = a U {a'}, : : ,
A1l labels. —We proof that Cp" is compact, simplifying the subsequent analysis. of « of x o forj € li—1]. —To achieve the desur.ed trade-oft betwee.zn ta.11 and head label
Rod t o 11 Precision3: instance ~ 66%. | N | | o Utility function ¥ performance, a straight-forward combination between standard
— REAUCES 10 MdCro-average il a —Optimal classifier for linear metric¥(C) =G - C = ) =1 G’ - CY instance-wise precision@k, and a macro-average @k metric can be
)’ are the same. Metric ~ ¢(tp, fp, fn, tn) for gain tensor G = (G', ..., G™) is: used, e.g.:
—Covers (instance) Precision@Qk Peatston tp_ )
and Hamming Score. Recall tp“ffn h (ZB) — tOpk(a © n(w) + b)v &D(C/) W(Ci_l) W<C) — (1 — >\)Lplnstance-Precision@k<C) =+ )\LpMacro—Fl@k(C>
2tp . ’
These performance measures can ]F ! } T where the vectors a and b are given by: | v(C") : MEDIAMILL RCV1X
: : gt 0 n I 55
be written as a function of label- P - - - ' - - | | ' S 251 o L
wise confusion tensor: Joanced fee, Cem 15 = G+ G = Gor = G, by = Gy = G : : : g™ N OWKMQWLS S 500 ﬁp_ﬁ Pk
[ ] g 45 g
(A}(Y f/) — [C(y1,7.) C (Y, Um) —The optimal classifier for general confusion tensor metrics: ot of all : : : 2 .0 . 8 475
9 . Ly SL)y 00 my J. . ] e = =
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This tensor is a vector of binary confusion matrices for each label: If: n(z) is absolutely continuous, o= C ci-\ . " | | | | , , , ,
1 1 —and ¥ is strictly monotonic and differentiable, o C \ X : 0o 14 ; oo 1
1N 1 N1 1IN (1 | | | . e > Y .
Cy,y) = <tn o ?fol(l yZ)A(l vi) Ip ’. ”1/27;,71(1 N yz)yz> , there exists an optimal C* € Cp", that is W(C*) = ¥*. Any classifier h* paa s ¢
=22 vl =) tp =5 2is1 Yili maximizing the linear utility G - C(h) with G = V¥(C*) also o | S A combination of a macro-metric and instance precision-at-£ can
. . R . MAXITIZeS Sp<h) The Frank Wolfe guarantees to find the Optlmal classifier if ¥ is achieve good results on both metrics Simultaneously!
We call metrics ¥ defined on C' general confusion tensor measures. concave over C%’f/ L-Lipschitz, and -smooth w.r.t. the 1-norm.
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