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Good Afternoon, Colleagues
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Reputation Mechanisms

e Karen’s slides
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The Market for Evaluations

e Early consumers provide feedback for later ones
e Providing feedback is cheep and easy

e \Who should consume when?

— Individual incentives vs. social optimum

Peter Stone



Assumptions

e risk neutral

e samMe benefit any time (sliver of discounting)
e honest reports

e Use doesn’t diminish others” values

e DiNary evaluations

e sOMe tfastes

e source of uncertainty identically distributed
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Statistical Herding

| know there is
road works in
Loop-1. but
maybe they
know more
than me.

| like Loop_1

Problem: some private information is not revealed!

Interesting points: asymmetric inefficiency in
evaluation acquisition.
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Clarifications
e Discount factor (p. 5/74)

e Asymmetric inefficiency (p. 575)

e Model applicable?

— Redlistic assumptions?

— How calculate probabilities g.b.p, etc?

— When would | prefer one-at-a-time over batch-mode?
— Incentives needed?

e FOootnote 13: why one more node can add more than one
evaluation?

e D Updated using Bayes theorem?
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Bayes Rule

e YOU run a cancer clinic.
e 10% of people tested have cancer: P(C) = .1
e What are the chances a new patient has cancer?
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Bayes Rule

e YOU run a cancer clinic.

e 10% of people tested have cancer: P(C) = .1

e What are the chances a new patient has cancer?

e You find out he smokes. Now what are the chances?
P(C|S)

e Assume you have defailed information on your patients
(people tested), but not ofthers.

e What more information do you need?

e 80% of those tested who have cancer smoke: P(S|C) = .8
e 50% of those tested smoke: P(S) =.5

Bayes: P(C|S) = KRl
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A B c
Good Bad Good Bad Good Bad

12 -24 12 -24 1000 -1000

=712
py=6/7 Good
p=19/28

Computation of binary tree
f=1
p=2/3

p = pg+{1-b){1-p)
=2/3 *3/4+1/4*1/3 =T7/12

p, = pr( i1s Good & evaluates Good)
/ pr (evaluates Good)
=(2/3*3/4) | 712
= 6/7

P, = pr {is Good & evaluates Bad]
/ pr (evaluates Bad)

) —(2/3* 1/4)/ 5/12
Bt f=11/48 =23
p=2/11
Um Department of Computer Sciences FI =1 5;‘ g4
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Game Theory Formulations

e Social optimum vs. equilibrium

e Types of inefficiencies:

— underprovision, wrong ordering, wasteful surplus claiming
e Game iii), why top left isn’t an equilibrium?

e Game i) How do they inifially suggest matching
equilibrium to social opfimum??

e What's another way?

e Ultimately, they suggest side payments (connection to
next week)
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Class Discussion

e Dave DeAngelis on foms of reputation

Peter Stone



