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MOTIVATION

® People dislike unknown probabilities—ambigquity aversion
o (unambiguous event) > (ambiguous event)

o Incompatible w/ seu ©FEllsberg (1961)

o Motivated various ambiguity models MEU, CEU, smooth ambiguity, ...

This paper

(less # of ambiguous events) > (more # of ambiguous events)

® egq., Machina's (2009) paradox Lab experiment: L'Haridon - Placido (2010)

o Incompatible w/ many ambiguity models MEU, CEU, smooth ambiguity, ...
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MAIN AXIOM

(less # of ambiguous events) > (more # of ambiguous events)

Ex ante aversion to randomization *informal

Dwm dislikes randomization over acts.

® Idea: randomization increases # of relevant ambiguous events
® Domain = { lotteries over AA acts } D { AA acts }

o AA act: state +— outcome distribution
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RANDOMIZATION & AMBIGUOUS EVENTS

Example

Compare the two acts & their randomization:

100 if > t°C @Athens 100 if > t°C @Beijing
fa= fs =

0 else 0 else

28Lal + 381fs] # 2 fa+ oo
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RANDOMIZATION & AMBIGUOUS EVENTS

380fal + 38( /5] 8[3fa+ 3/5]
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RANDOMIZATION & AMBIGUOUS EVENTS

18[fal + 38[f5]

® Both A and B are relevant
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OVERVIEW

® Explore the implications of ex ante aversion to randomization
o Novel tesable manifestation of

(less # of ambiguous events) > (more # of ambiguous events)
® Characterize the costly ambiguity perception model
o Generalizes MEU—Uyg, (f) = ml]\I/[lf uo fdyu M:ambiguity perception
ue

o DM optimizes ambiguity perception at a cost

® Fully identify the parameters of the model

o Ex ante randomization is important!
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PRIMITIVES

Q: finite set of states

X: set of outcomes
F:.setofacts f: Q — Ay(X)

o Ag(X): set of finitely supported distributions on X

[e]

Identify each p € As(X) w/ the constant act w +— p

oY

: DM's preference on Ag(F)
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REPRESENTATION

Definition

A costly ambiguity perception representation of = is (u, (M, ¢)) s.t.
® u: Ay(X) — Riis surjective & mixture linear;
® M is a compact set of nonempty closed convex subsets of A(Q);

e c:M— R,is 1. lowersemicontinuous; 2. minc(M) =0;
3. MM = c(M)=cM);

® > isrepresented by

Uows(P) = max [f (Lgiﬂr}f wo f du) dP(f) ~ c(a1)|
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SPECIAL CASES—W/0 EX ANTE RANDOMIZATION

* M={M} ~ maxmin expected utility ©Gilboa - Schmeidler (1989)
Unes(B1f1) = mip [ wo f du
ueM
® ¢c=0 ~» dual-self expected utility ©Chandrasekher et al. (2022)

UDSEU(‘S[f]):rA?ea@ llrlrg]rwljuofdﬂ

e M ={core(v) |veV} ~» optimal ambiguity attitude

V: a set of convex capacities = supermodular set fn.s ©Payré et al. (2026)

Uom(811) = max ng;f wo fdu ~ (M)
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BASIC AXIOMS

A1—Regularity

% is nondegenerate, complete, transitive, & mixture continuous.

A2—Monotonicity

“% respects statewise dominance.”

A7—Unboundedness

“Utility has unbounded range.”
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TIMING AXIOMS

A3—Attraction to ex post randomization

“(xp randomization) % (XA randomization).”

® Ex post randomization may smooth payoff variability

1000 1 O

1 [100] + 18][0]
— + —
210 2]100

2
[100] + 38[0]

o O

DN= D=

Ad—Indifference to randomization timing of constant acts

“(xp randomization of f & p) ~ (XA randomization of f & p).”

® Ex post mixing of p preserves the pattern of payoff variability in f
1 |[100
_5[

—18 100 +—180
18[ 2 [ ] D []
0

+ ~
8[0]
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EX ANTE RANDOMIZATION AXIOMS

A5—EX ante aversion to randomization

For each (4, (P,Q)) € [0, 1] X Ag(F)2,

PxQ = Px AP+ (1-21)Q.

® Ex ante randomization increases # of relevant ambiguous events
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EX ANTE RANDOMIZATION AXIOMS

A6—Independence of constant acts

For each (A, (P,Q), (p,q)) € [0,1] X As(F)? x As(X)?,

AP+ (1-2)8[p] = AQ + (1 - 2)8[p]

= AP+ (1-21)8[q] = 2AQ + (1 - A)6[q].

® Idea: constant act terms do not affect ambiguity
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CHARACTERIZATION

Representation theorem

% satisfies A1-A7 <=  has a CAP representation.

® A1—Reqularity ® A5—Ex ante aversion to

® A2—Monotonicity randomization

* A3—Attraction to ex post ® A6—Independence of constant acts
randomization ® A7—Unboundedness

Ad—Indifference to randomization timing of constant acts
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CHARACTERIZATION

Corollary

» satisfies A1-A4 + independence <= - has an MEU representation.

Al1—Regqularity °

A2—NMonotonicity

A3—Attraction to ex post

randomization o A7—Unboundedness

Ad—Indifference to randomization timing of constant acts
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UNIQUENESS

Definition

A cAP representation (u, (M, c¢)) is convex if M and c are convex.

Identification theorem

Every cap preference = has convex rep.s {u, (M*, c*)) & (u, (M**, c**)) s.t.
for each convex rep. {u, (M, ¢)) of =,

1. M* C M € M*; 2. ¢ =Cc"|u.

1. dsmallest & largest feasible sets 2. Cost is essentially unique
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SMALLEST/LARGEST REPRESENTATION
® (u, M) represents the expected utility core: smallest feasible set
Pr"Q <

J(%rwljuofdy) dP(f) > J(Lréi]{}J‘uofdy) dQ(f) VM e M*

%" the largest subrelation of x satisfying independence

cf. Cerreia-Vioglio et al. (2015), Ke - Zhang (2020), ...

° (M**, c*) is explicitly written as: largest cost structure

M*™* = (the 2-upward closure of M*) = dom c;,u
sk _ Nk = ] = 5} ~ P
(M) = ¢t (M) = sup{ f (L‘E&‘j o fdy) dP(f) - u(P) ) P~ 38D }

cf. Maccheroni et al. (2006), de Oliveira et al. (2017)
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IMPORTANCE OF EX ANTE RANDOMIZATION

Example

Let 2 ={0,1} and X = R. Identify u € [0, 1] w/ the prob. of w = 1.

Consider 1 and 1, represented by (u, (M, ¢;)):
U((S[X]) =x, M :{{%}}’ M :{[0»%]:[%’1]}: c1=¢2=0.

While =1 is neutral, x5 is averse to ex ante randomization.

Nevertheless, =1 and 5 coincide on the set of acts:

Uz (8[h])
~U1(8[h]) VheF. ¢
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COMPARATIVE AMBIGUITY AVERSION

Definition cf. Ghirardato - Marinacci (2002)

%1 is more ambiguity-averse than x, if

8[pl =2 P = 8[p] =1 P V(P,p) € As(F) X Ag(X).

Proposition

The following are equivalent.
a. x1 is more ambiguity-averse than z;.

= ok kk kK Sk y
b. u; ~ uy, Ml - MZ , & €T 2¢, |MI*.

® Cost function describes ambiguity attitudes
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COMPARATIVE AVERSION TO ADDITIONAL AMBIGUITY

Definition

%1 is more averse to additional ambiguity than -, if

A8[p] + (1 =2)Q =2 AP+ (1 -2A)Q

= A8[p]+(1-2)Q =1 AP+ (1-A)Q
for each (A, (P,Q), p) € [0,1] x As(F)? x As(X).

® — (&&=) 1z is more ambiguity-averse than
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COMPARATIVE AVERSION TO ADDITIONAL AMBIGUITY
® Define G;: As(F) = M; by

G(P) = arg max[j (fg}j o f du) dB(f) - ()

M eM;

Proposition

The following are equivalent.
a. x1 is more averse to additional ambiguity than z.

b.Lﬂzuz &

VP € Ay(F), My € 6,(P) = dM, € 6,(P): M, C M.

b. “DM 2 always reduces ambiguity perception more than bm 1"
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SUMMARY

DM who dislikes increases in ambiguity is studied

Dwm is averse to randomization over acts
P-Q = Pz AP+(1-21)Q
DM behaves as if optimizing her ambiguity perception at a cost
Ucr(P) = maxU mmj uo fdy) dP(f) - C(M)]

Parameters are uniquely identified & given behavioral meanings

In the paper...,

%) characterization of several special cases DSEU, OAA, ...

%) more on comparatives absolute notion, xArand., ...

% Machina’s (2009) paradoxes: reflection & 50-51 examples
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RELATED WORKS
Choice of ambiguity perception w/o ex ante randomization
® Chandrasekher - Frick - lijima - Le Yaouanq (2022) < NO COST
® Payro - Takeoka - Xia (2026) < CHOICE OF CAPACITIES
Ambiguity aversion & ex ante randomization
® Saito (2015), Ke - Zhang (2020)

® Their bm believes even ex ante randomization reduces ambiguity

Uswes(P) = min j (min j wo f dy) dp(f)

eM
Models consistent w/ Machina’s examples

® Siniscalchi (2009), Dillenberger - Segal (2015), He (2021), ...
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SUMMARY

DM who dislikes increases in ambiguity is studied

DM is averse to randomization over acts
P-Q = Pz AP+ (1-2)Q
DM behaves as if optimizing her ambiguity perception at a cost
Ueap(P) = Iﬁg@” (}g}f uo fdu) dP(f) - C(M)]

Parameters are uniquely identified & given behavioral meaning
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APPENDIX

@ sreciaL cases



DUAL-SELF EXPECTED UTILITY

A8—Strong independence of constant acts

For each (A, (P,Q), p) € [0,1] x As(F)? x As(X),

P-Q & AP+ (1-2)8[p] = AQ+ (1-A)8[p].

Corollary

x satisfies A1-A7 + A8 <=  has a DSEU representation.
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OPTIMAL AMBIGUITY ATTITUDE

A9—Indifference to randomization timing of comonotonic acts

For each ((k, 1), P, (f,g)) € [0,1]% x As(F) x F2,
if 8[f(w)] = 8[f(w’)] is equivalent to §[g(w)] = 8[g(w’)], then

KS[Af + (1 - 1)g] + (1 - k)P ~ k[AS8[f] + (1 — 1)8[g]]| + (1 — K)P.

Corollary

% satisfies A1-A7 + A9 <=  has an 0AA representation. =
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APPENDIX

@ MORE ON COMPARATIVES



ABSOLUTE AMBIGUITY AVERSION

Definition

% is absolutely ambiguity-averse if

% is more ambiguity-averse than an Seu preference.

Proposition

Acap = w/ (u, (M, c)) is absolutely ambiguity-averse —— (M # 0.

® N M is independent of the choice of rep. (even w/o convexity)
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COMPARATIVE AVERSION OF CAP AGAINST MEU

Proposition

Let {((u, (M, c))) be a cap rep. of =, and (v, L) an MEU rep. of >.

The following are equivalent.
a.u~v & (M2DL.
b. % is more ambiguity-averse than >.

C. x is more averse to additional ambiguity than >.

® Two comparatives coincide when the benchmark is MEu

o They are different else
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APPENDIX

@ REFLECTION EXAMPLE



REFLECTION EXAMPLE ©MACHINA (2009)

h R B G P
-
fi 100 200 100 0

°+°=50 f 100 100 200 0O

f3 0 200 100 100

Q-Q- fi 0 100 200 100

® SEU+symmetry = fi~fo~ fa~fu

® Typical pattern: fi<f, & fz3>fa (%) ®©L'Haridon - Placido (2010)

©Baillon et al. (2011)
*under natural assumptions

® (%) s inconsistent w/ uncertainty aversion &
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REFLECTION EXAMPLE VS. UNCERTAINTY AVERSION

A R B G P
-

fi 100 200 100 0
°+ 50 fa 100 100 200 0

f 0 200 100 100
Q:Q-s 3
fa 0 100 200 100

fi
fa
fs
fa

R B G P R B G P
0 100 100 0 + 100 100 0 0
0 0 200 0 + 100 100 0 0
0 200 0 0 + 0 0 100 100
0 100 100 0 + 0 0 100 100
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REFLECTION EXAMPLE VS. UNCERTAINTY AVERSION

A R B G P
— fi 100 200 100 O
o+°=50 fa 100 100 200 0
fs 100 300 0 0

Q-0Q-= ?
fi 100 200 100 O

® By uncertainty aversion,

fo~fi~fi = f4=f1=%fz+%f3tfz~fs

~> the oppositeof (x) — fi<fo & f3>= fa
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REFLECTION EXAMPLE VS. CAP

Q
A R B G P
-
fi 100 200 100 0O ) fi<f
Q+-Q-5 f» 100 100 200 0O B
Q- Q- £ 0 200 100 100
fi 0 100 200 100
e Identify each prior w/ (ug, itc) € [0, 31>~ (urotte) = (1 — ttg, § — tto)

« M={M(B,y) CA®) | (B.y) € [0,1]%}

® ¢:[0,1]> = R,: Lsc, ¢(1,1) =0, strictly decreasing, symmetric

UCAP(fl) < UCAP(fZ) = UCAP(f3) 2 UCAP(f4)

strict inequality for “not too large” ¢

®»
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APPENDIX

© 50-51 exampLE



50-51 EXAMPLE ©MACHINA (2009)

t R B G P

-

fz 202 202 101 101

0:-0-~ fo 202 101 202 101

303 202 101 0

Q-Q-= i

fs 303 101 202 0

® Machina's conjecture: fs>fs & f1<fs (&)

o fs & fg have slight “objective advantage”

o fsis not ambiguous, while f7 is ambiguous

o Ifyou said fg > f5, imagine 100 : 101 instead of 50 : 51...%
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50-51 EXAMPLE VS. DSEU

o Identify each prior st W/ (g, )~ ~ (tw,te) = (% — g, 8 — )
® ForUM c [0, 2] X [0, 3],

UDSEU(fS) =151

Upseu (f6) =151 + 101 I&‘g@ﬂlﬂ(_ﬂB + Ug)
U, =150 + 101 in(—
pseu (f7) max LTBIE}( Us + Ug)

Ubseu(fz) = 150 + 202 I}\?S@ ggl\r/}(—yg + Ug)

UDSEU (fS) - UDSEU (fG) = UDSEU (f7) - UDSEU (fS)
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50-51 EXAMPLE VS. CAP

* M={M(By) | (By) €[0,1]*}
M(B,y) = [(1 = B {351} + BLO, 371 ] X [(1 = (T} +v[0, 5571

c: [0,1]2 = R4: Lsc, ¢(1,1) = 0, & strictly decreasing

® For each 8 € R,, the preference w/ (M, O¢) satisfies

UCAP(fS) =151 UCAP(fG) =151.5 - ¢9(%)

U (f7) =150.5 = (3)  Uear(f) =151 — ¢p(1)

¢o(t) = min [(50B +51y)t+6c(B,y)] @0~ %®
(B.y)e[0,1]2 is concave
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50-51 EXAMPLE VS. CAP

® Ucnp(fs5) — Ucnp(f5) = —0.5 + ¢9(%) by concavity of ¢g

® Ucnr(f7) —Ucne(fz) = 0.5 + (¢ho(1) — ¢9(%)) < Ucar (f5) — Ucne(f5)

e 3(6,0) € R, sit.

0<6, 0>0 < fivfs, 0<0 = fi<fs o

o
A R B G P
-
fs 202 202 101 101 5>~ fe
.
Q- Q- fo 202 101 202 101 * fr < fy
Q-Q-x fz 303 202 101 O

fs 303 101 202 0
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