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From Evaluation to Learning

Setting: Batch Learning from Bandit Feedback (BLBF)
* Naive “Model the World” Learning:

—Learn: §:x xy » R

— Derive Policy:

n(ylx) = argmin[8(x,y")]
i

> « Naive “Model the Bias” Learning:
— Find policy that optimizes IPS training error
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Learning Theory for BLBF

Theorem [Generalization Error Bound]
For any policy space H with capacity C, and for all r € H with
probability 1 —n
U(m) = U(n’) - < f@) -0(0)
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[swaminathan & loachims, 2015]

Counterfactual Risk Minimization

Constructive principle for learning algorithms
-> Maximize learning theoretical bound
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[Swaminathan & Joachims, 2015

POEM: Policy Space

Policy space

Ty (y1%) = eXp(W (x,))
with
— w: parameter vector to be learned
— ®(x,y): joint feature map between input and output
— Z(x): partition function (i.e. normalizer)

Note: same form as CRF or Structural SVM




POEM: Learning Method

Policy Optimizer for Exponential Models (POEM)
—Data: S = ((x1,¥1, 61, P2, -, (X Yy O P))
— Policy space: m,, (y]x) = exp(w - ¢(x,¥))/Z(x)
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POEM: Text Classification

Data: Reuters Text Classification
= 5" = (0¥ s Gt yi))
— Label vectors y* = (y1,y2,y3,y%) — Pick y; via logging policy o (Y |x;)

— Observe loss §; = Hamming(y;, y;)

Bandit feedback generation:
— Draw document x;

Results:
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BanditNet: Policy Space

Policy space
1
m,(ylx) = mexp(DeepNet(x,ﬂw))
with
— w: parameter tensors to be learned
— Z(x): partition function

Note: same form as Deep Net with softmax output

[oachims et al, 2017)

BanditNet: Learning Method

* Deep networks with bandit feedback (BanditNet):

—Data: § = ((x1.}’1. 61, 01)» s Oy Y 5n.Pn))
— Hypotheses: m,,(y|x) = exp(DeepNet(x|w))/Z(x)
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[ioachims etal., 2018]

BanditNet: Object Recognition

* Data: CIFAR-10 « Bandit feedback generation:
-5 = ((xl,yl*), .y (xm,y,;l)) — Draw image x;
— ResNet20 [He et al., 2016] — Pick y; via logging policy mo(Y |x;)

« Results — Observe loss §; = [y; # y; ]
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