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Learning to Defer (L2D)

Learning to defer (L2D) allows the classifier to defer its prediction to
an expert for safer predictions, by balancing the system’s accuracy
and extra costs incurred by consulting the expert.
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Find f* = argmin B, (., [1(f(2) 7 L and f(z)#y) +1(f (@)=L and m 7y)]

+ E, () eI (f(x) = 1)] = Extra deferral cost

Classification Error

Goal:

Optimize Classifier to adapt to Human’s weaknesses and strengths.

Intuitive Explanation of f*:

f*(x) is 1, i.e., choose to defer to expert and output m, if expert’s accuracy
against classifier can offset the cost:

Acc(m|x)=

Pr(m=y|z)>max, p(y|z)+c

o Otherwise f*(x) is the Bayes optimal ¥ * = argmax, p(y|z)
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Undertitting Issues in L2D

Existing L2D Surrogates

* (Consistent loss formulation [5]

{ﬁ(y‘w) } yelK+1 )

U(g(z),y)+d(m+y) ), Ug(=),y) +(1-c)(m=y)¥g(z),K+1)

y' €[ K] _

p(x,y,m)

Treat deferral option 1 as a new class
W is any consistent multiclass loss
9is a K+1 dimensional scoring function. First K dimensions 911:x] is a classifier.

Essence: Problem reduction to K+1 class classification on distribution p [4]
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Underfitting of Classifier [3]

Sample efficiency and classifier’s performance g;:.x) degrade rapidly with
increasing extra expert cost ¢, i.e., underfitting occurs.

pliz) p2|e) p(3|z) pld|z) p(5|x)

Cause of underfitting: Probability margin shrinks

p(y*lz) —p(ylz)
14+ (1—c)Acc(xz) + Kc(1— Acc(z))

p(y*lz) —p(ylz)> =p(y*lz) —p(ylz)
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D is more ambiguous!

Direct fix: Post-hoc methods train base model with c=0, then retrain/
reformulate deferral rule to account for non-zero c [3]

Novel Surrogate Loss

Motivation: Eliminate redundancy in previous problem reduction

* Previous deferral rule: compare each label’s acc to expert acc

Acc(m|m)2 p(1|x)+c, Acc(m|m)2 p(2le)+c, -, Acc(m\m)é p(K|z)+c,

* Ideal deferral rule: only compare the Bayes optimal one

v

loss formulation:

mginEW,y,m)[w<g<w>,y>+cu<miy)\ﬂ(g(w)@ﬁ (1-c)I(m =y)¥(g (), K+1)]

Acc(m\m)ép(y*\a:)Jrc

Bayes optimal label

e Induced

e Essence: Problem reduction to K+1 class classification on distribution P :

[ — ]I — ¥ ) ( o )
{p(y|z) } =< p(ylz) +cl %Cc(m‘m)) (y=y") > . (1 c)~ACC(m\m) >
' ) g(m) J yelK] \ §(w) y
S |Result 1: Better probability margin!
p(y*le) —p(yle)>p(y*|e) —p(y|z)

However, there is no access to the Bayes optimal label

** Approximate Bayes optimal with intermediate learning results y’

Def.1: Redundancys — free Loss Formulation Ry (g)
E\p(aym | 2(9(2),y)Fcl(mF#y) min ¥(g(z),y) +(1-c)l(m =y )¥(g(z),K+1)

Result 2: Consistency analysis for ¥ in [1,2,6]

Thm.1: Vg*cargmin,Ry(g), f,

f>l<

Experiments

Proposed loss mitigates underfitting and generates more accurate predictions!
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