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Wald Revisited: The Optimal Level of Experiméntation

ﬁ%ayesian Reformulation of Sequential P“aradign“
o actions: A and B (eg. accept Hy and accept H;) T v g 4 "Irug
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p = decision maker’s (DM’s) prior on state H (1 — p g

L L H H

DM is risk neutral, with payoffs / utilities: 74,75, 74
Tq(p) = pﬂ'ay—}— (1-— p)ﬂ'a“ is DM’s expected payoff to 4
suppose one might never decide = need null (zero pay;
optimal static payoff fr(p\) = max(ma(p), w5(p),0)
B&D model

- actions: B = ‘build’ costly new prototype, and A =
- payoffs: h=7p(1) >0,£=75(0) <0, m4(p) =0
= 7(p) = max(0, hp + (1 —p))

Wald-Wolfowitz (1949) If each mgnal? costs a given §

then the cost minimizing strategy is the sequential ond:

\DM quits and chooses action A (B) with posterior p {
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observation process
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Recursive Formulation
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Lemma (a) The value function v is convez.

(b) v(p) = 7(p) for p < p and p > p, for cut-offs p and p.

(¢) The static payoff © and value v are jointly monotone
(or decreasing) or U-shaped in p.

(d) If the null action is ever exercised, then v(p) = 7(p)
whe’re]_D <p, <Po <P

A A
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/ The Optimal Level of Experimentatipn

(resp. decreasing, U-shaped) in p. mm

stopping sets [0, p] U [p, 1] for actions A and B.

A

k
° eg. research projects start small, grow larger with sucqgess
|
2 discoveries that shlft beliefs (eg. cold fusion experimenit) can

YJhscretely kick up R&D- le§7els

- Proposition Assume the static payoff frontier w(p) s increasing

he optimal experimgntation

level n(p) is increasing (resp. decreasing, U-shaped) in p outside the
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Lim'l"'ing Expetimentation Models wi

Eine Discrete Time, Large Discrete Renge
What are we approximat ng.any m3?
Proposition Fix [G& ot <Va] Consider Hhe §. Seq’uév\ce of
discrete time expenmentution problems: Each pencd of lepghh &%
the DM may purchase N independlent binary signals et fgtaf cost
CON) = (N(LY)'-2)(28). Each signad X; = 2o(ABY with
chances l/Zip{At i “/20" in sh*esH, L. When DM {bpS with
posterior p, his final payeffis (p). Then as At ->0:
(a) Tbe mnnma Sun S*“E f_ >y of per period rage
Sigmls converqges in d iﬁﬁbu’ﬁ%’n e diffusion <I¢
() The Bellman value funchans V4%(p) and transformed joghimal
experimentuhon levels no%(p) = N(AY)'=* porrdwise converge to

the limits v(p) and n(p).
() The shepe of n(p) is nhertied by n®(p).
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