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* Boosting fits parameters of an exponential family (EF) * Models learned * (-)margins /el
df €2 )OC ex TT 4 b — . h . (5) _ (5) 1L L empirical margin risk 5 b [ g
pdi(z) p(p Tz)) fs(@) Z ajh;(@) iy (@) (—5)2 jh; (@) i = Fyo(H,8) = E; [ve((s,9:), H) < 0] ——=7 | tanhy(z) = 1 _eXpt(_§Z)
- We generalize it to a superset recently introduced, with ML benefits: jeld] jelJ] ’ " training sample SRS -+ expy(~22)
linear model clipped linear model decision tree _ _ -
Tempered Exponential Measures (TEMs) | | * Theorem (fast convergence for margins of t-AdaBoost, simplified), for t € |0, 1]
y * Clipped summation | camnie: @ — —1.b—3.6_9 | IntAdaBoostfix 1
1 1 /?\vl it J =1 U1 = a,Vy = b o ;oCy o0 — log, ( L= 0 ) p;cEq [yih;(x;)] =
(5) | (5) . . My —¢(1— pj, 1+ pj) *” €[C11]) ool
>, vy =min{ 6,max< —Suy+H 1wl ¢ (€[—6,6])  Cliped sumis2=-1+3 | e 1
(—9) (—9) >V =b vy =a -+ If there is no "forgetting weights" (e.g. H;, H”*~ not good enough) then ou |
el “ “ S I Clipped sumis 1 =2 - 1 1+0\*" 2 oo
(non commutative, "encoding-nice") Ft,Q(Hv 8) < ( _ 9> ' 1_[ Ky (,Oj) forany 6 € (_17 1) .
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* Training the linear part: +-AdaBoost T (1= 1: reduces to AdaBoost's known results)

* Properties of tempered loss (DT induction), summarized

. (Bayes rule optimal)
Algorithm t—ADABOOST(t, 3, J) -» Forany ¢ € (—o0, 2), the tempered loss is symmetric, differentiable and strictly proper/
Amid, Nock & Warmuth, 2023 Input: ¢ € [0, 1], training sample S, #iterations J; - For 1 = 2, "just" symmetric and proper

, 1/1_ -+ Spans the full spectrum of know boosting rates for ¢ € [—o0, 1], near-optimal for ¢ = 1... what about ¢ € (1,2)?
Output: classifiers H, HS/ t);

S

* tlogarithm, t-exponential, t-arithmetic (here, t € |0, 1])

L o L Step 1 : initialize tempered weights: g, = (1/mY2=9).1 (e A,,);
loge(2) = 73 - (=7 — 1), exp(5) =L+ (1 =z] 7, a@b=[a 46T 1L Step 2 : for j =1,2,...,J
2], = max{0, 2} (t — 1: become "log", "exp" and ".") Step 2.1 : get weak classifier /1; « weak learner(q,, 8); 10-folds stratified CV, different s, ¢ not in [0,1] and tric label noi {0,0.1}
. : - . » 10-folds stratifie , different s, tnot in [0,1] and symmetric label noisen € {0, 0.
* TEMs generalize / lift exponential families (EFs) in two directions SR Step 2.2 @ choose weight update coeflicient p; € R; / L
NN Step 2.3 : Vi e [m], for u;; = v;h;(x;), update tempered weights: perr(motcliped) - perr (clipped) &5 | minweight _ maxweight perr (not clipped)
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(g € Aw) 1A, \ A(j+1)i = 7 ,  Where Z;; = Hq j ®r expy(—p; - u;) Hz_t - = [ el S— E
. e - i s N t] g O e 8#1:;6182 aie1s20 0 0% e 8#::;: 1161820 | 2% 08 00T S s#:rc;;: 14161820 O° Q 0-2'65
_ -
. . e o | fre e o | [ 028 2 4 6 8 1012 14 16 18 20 0 020 2 4 6 8 1012 14 16 18 20 °
_ : Step 2.4 : choose leveraging coeflicient «; € R; B e | —
The t-Boosting TEM Boosting's EF: Kivinen & Warmuth, 1999 . / ’
_ (remark that we allow &; # [45) S | o Lord oo i o7 RS .. =<
o We Seek the fO”OWIng TEM (Update) . ] o . . . . L 0.204 2 4 6 8#::3;: 14 16 18 20 06 0202 e 8#12: 14 16 18 20 0.6| 0.00003 PR 8#::;:: 166&? co:ﬁr Oéo;-;:;é;d;)egl(;;sz 1416 18 20 0.6 Ejoj: 0-6530_02:
Training the decision tree (DT) part = top-down splitting W& s with a twist-on-the-loss z £° i
/ . ~ "y — - N "y . / . . . o : : : : - = 02 B0
q — arg 111111 Dt(q Hq ) D:(qlq’) = Z qi - (log; qi —log, q;) —log, 1 i + log; ; g; *  (t = 1) AdaBoost -+ the most efficient splitting criterion for DT induction (Matushita's loss) -+ t < 1 offers range of improvement compared to just AdaBoost € ] PP
ge N, “‘f[m] | | *  We generalize tot # 1and elicit a wide family of new losses for posterior estimation ~* +noise can completely reverse the picture O | =hirimraee e o
N tempered relative entropy (generalizes KL divergence) . Process summarized (see paper for details): -» £ > 1 can be beneficial, clipping does work S ¥ uees ¥ uees
q u = O a edge vector u; = yzh(wz) (m examples, Supervised Iearning +1/-1) . perr (not clipped)_ perr (clipped) ) _min weight ] __max weight
models change variational form R P B I U T~ B .
® Theorem for t c RZO\{Z}! Zt] .............................................................................. > L(t) .............................................................................. - gt) ’ z(_t)l f | °'9§0;,1: % : | 09%222222 " Conclusion:
. - N . . : L . - 0% | 2« extension to more sophisticated boosting
-+ solutions have the form -+ unknown [ satisfies > /4 ( 7 ) is strictly convex tempered exponential loss 5 pOIntWISe_Bayes_rlsk_ : partial losses o s . Bocoors | _ |
: / -+ finding solution to @ via @ easy using @ real-valued classification . class-probability estimation )| L ——— P L A L properties seem fo depend on £
;i Xt expt(—,uu@-) p = argmin Zy(u') = - consistency of [early | no] stopping
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Zt / — - tempered loss (t € [—o0. 2 | o 1 e o00ots | oo™ - noise handling as a function of ¢
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