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1. A user with some hidden interests make a query on
Yahoo.

2. Yahoo chooses an ad to display.

3. The user either clicks on the ad or not, (resulting
in a payoff to Yahoo or not).

LLots of other details: computational, network, adaptiv-
ity constraints. Multiple ads.



A Mathematical Description

1. The world chooses (x,r1,...,7;) and reveals x.

2. You choose a in {1,...,k}.

3. The world reveals r,.

Loss is unknown even at training time! EXxploration
required, but still simpler than reinforcement learning.



How can we best reuse existing supervised learning
algorithms?



How can we best reuse existing supervised learning
algorithms?

Answer: Use a learning reduction.

Reduce learning for this problem to learning when you
have an oracle 0/1 loss optimizer.



Solution Approaches

1. Argmax Regression

2. Importance Weighted Classification

3. Offset Tree



The Argmax Regression Approach

Important fact: the minimizer of squared error is the
conditional mean.

Training: Learn regressor f to predict Er, given (xz,a).

Testing: Predict as h¢(x) = arg maxq f(z,a)
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The Argmax Regression Approach

Important fact: the minimizer of squared error is the
conditional mean.

Training: Learn regressor f to predict Er, given (xz,a).
Testing: Predict as h¢(x) = arg maxq f(z,a)
Is this for online or offline f7

Correct answer: Yes



Regression Analysis
let D) =z~ D, a~U(1,...,k),rq ~ D|zx.
Let regsq(f, D) = E(, o)op/(f(@,0) — f*(z,a))?

regp (h,D) = E(3 7D [Th*(a:) — Th(x)] = policy regret

Theorem: For all D, f(x,a):
regp| (hy, D) < \/riegsq(f, D)

i.e. policy regret < \/Qk(binary regret)
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Regression Analysis
Let D) =2~ D, a~U(,...,k),rq ~ D|zx.

Let regsq(f; D) = B, o)p(f(z,a) — f*(=, a))?

regp| (h,D) = E(; 7D [Th*(a:) — Th(x)] = policy regret

Theorem: For all D, f(x,a):
regpy (hy, D) < \/2kregsq(f, D)

i.e. policy regret < \/Qk(binary regret)

Is this an online or offline analysis?

Yes, but doesn’t address exp/exp tradeoff.
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2
E,,—:N T T, % T —T T
=squared error regret = 2 ( d [ hQ( ) N )]) out of

k regression estimates

1 2
=-average squared error regret = 5 (EFND‘:B [rh*(x) — rh(w)D .
Solving for squared error regret gives the proof.

Pointwise analysis = shallow?



Solution Approaches

1. Argmax Regression

2. Importance Weighted Classification

3. Offset Tree



IW Classification Approach (Zadrozny 2003)

Training:

1. For each (x,a,r) example, create an importance
weighted multiclass example (z,a,rk).

2. Reduce importance weighted multiclass to binary
using Costing and ECT for multiclass to binary re-
duction.

Testing:

Make a multiclass prediction.



IW Classification Analysis
Let D/ = induced binary distribution.

Theorem: For all D, binary classifiers b:

regp| (IWCy, D) < 4kreg(b, D")

Proof: a Uniform from {1,...,k} implies the expected
importance weighted cost for choosing a instead of o’
is: +(rak —ryk) =14 — ry = policy regret.

Compose with Costing reduction= multiply by Erqk < k
Compose with ECT reduction= multiply by 4.



Solution Approaches

1. Argmax Regression

2. Importance Weighted Classification

3. Offset Tree



The Offset Tree for k =2

Suppose k£ = 2 for the moment and let a € {—1,1}.
Create binary importance weighted samples according

T el ) el

xr = Side information

sign (a (ra — 5)) = label

‘m — %‘ = importance weight



Denoising Binary Importance Weighting

Theorem: For all binary D, binary classifiers b:

regp| (OTy, D) < reg(b, D)

The induced problem is inherently noisy. This trick
reduces the maximum noise = better bound.

% = minimax value of the median reward. Plugging in
the actual median is always better.



Denoising for k£ > 2 arms

fr.21.03.4

Use the same construction at each node. Internal nodes
only get an example if all leaf-wards nodes agree with
the label.



Denoising with k£ arms

D’ = random binary problem according to chance that
binary problem is fed an example.

b = the classifier which predicts based on both z and
the choice of binary problem according to D’.

Theorem: For all k-choice D, binary classifiers b:

regp| (OTy, D) < (k— 1)reg(b, D")

And [lower bound] no reduction has a better regret
analysis.

Note: |lower bound is easy but not trivial because it
holds for any value of reg(b, D').



A Comparison of Approaches

Algorithm Policy Regret Bound
Argmax Regression \/riegsq(s,DAR)
IW Classification 4kreg(b, Dpw/c)

Offset Tree (k—1)reg(b, Do)

How do you expect things to work, experimentally?



Offline Application, by simulation on UCI, comparing

Offset Tree Loss
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error rate

Online Application, by simulation on RCV1,
comparing with Banditron
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T hanks!

Paper off my webpage — interactive learning

Further discussion at http://hunch.net



