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Problem formulation

Safe Online Classification protocol

Input: error tolerance «, confidence level ¢

Fort=1,2,...,T:

085 @ x.Xp
o & Z,€{0,1}
test/predict
If “predict” (Z; == 0):
2 i> D, no feedback Y;
Else “test”'
2 Y= Y=Y @, observe Y,

Outpyt: Action, prediction sequence
{Zta Yt};r:l
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Logistic model
P(Y =1 X¢) = o ((X,0%))
Assumptions

@ Contexts are i.i.d.

@ P is smooth

@ Logistic link model

@ Bounded features /
parameters




Baseline policy and safe regret

<Xt’ 9*>

-1 —7* 0 T* +1
Predict 0 Test Predict 1

Knowing P and 6*, an oracle policy can compute the threshold 7* such that

P(missclassification when testing with threshold 7°) = a.

This induces the oracle testing frequency

p* _ ]P)XNP (’XTG*
We define the safe regret of a policy by

Regret_, (T)=E [Z(Zt _ p*):| ’

ST*).

subject to safety constraint

P(#in{?ﬁe Yt} §a> >1-4.
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Algorithm SCOUT, Result

@ SCOUT computes the MLE as 0;, tests when [(X,0;)| < 7¢

—To—T3—T4.. —Tt +Te. .. T4 +TIHT

-1 - 0 47 +1

Theorem 1 (Informal)
When p* > 0 the regret of SCOUT is upper bounded by

dT log ( T/5))

Regretgepyr < O < P* Ao

and achieves anytime («, §)-safety.

Lemma 1
where A\g > 0 is the minimum eigenvalue of the oracle baseline policy.
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Technical Highlights

Pessimism: SCOUT tests whenever the baseline policy tests — safety.

0 converges to 6*: The minimum eigenvalue of the empirical covariance
. . ) ) " PN Lemma 1
matrix grows linearly in t, i.e. A > 55 0

min

Stability with respect to unknown parameters P, 0*. We show that:

Ps (’<X79A>| > %> ~Pp([(X,0%) > 1) low regret.

SCOUT tests when baseline tests
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Online Safe Classification

Key takeaway
We can simultaneously learn and maintain safety in online classification.

@ Safety constraint with censored feedback is more medically practical

@ Ongoing work: application to Malaria screening
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