
Online Appendix

A. Key Components for Generating the Inverse S-shaped

Probability Weighting Function

In this section, we argue that both efficient coding and a U -shaped prior are fundamentally

important for generating an inverse S-shaped weighting function. To illustrate how the weighting

function depends on both components, we examine two scenarios. The first scenario keeps the U -

shaped prior but replaces the efficient coding rule in equation (3) of the main text by an inefficient

one

θ(p) =
(
sin

(π
2
p
))2

. (A.1)

An important observation about this alternative coding rule is that it does not connect the prior

belief f(p) with the likelihood function f(Rp|p).22 Figure A.1 Panel A plots the weighting function

v(p) when the coding rule takes the form of equation (A.1). It shows that, in the absence of

efficient coding, the U -shaped prior alone is insufficient to generate an inverse S-shaped probability

weighting function.

[Place Figure A.1 about here]

The second scenario keeps the efficient coding rule but replaces the U -shaped prior by a uniform

prior. That is, we replace the U -shaped prior in equation (8) of the main text by a uniform prior

f(p) = 1. Figure A.1 Panel B shows that, with the uniform prior, efficient coding alone is also

insufficient to generate an inverse S-shaped weighting function. The results in Figure A.1 therefore

highlight that it is the particular set of likelihood functions that are optimized under a U -shaped

prior that are crucial for generating the inverse S-shaped weighting function.

22There are an infinite number of inefficient coding rules; equation (A.1) is just one of them that we use to explain
why a noisy coding model with a U -shaped prior is insufficient to generate an inverse S-shaped weighting function.
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Figure A.1
Model implications when relaxing the efficient coding or U -shaped prior assumption

Panel A: the upper graph plots a U -shaped prior distribution in the form of (8) described in
the main text; the parameter values are: λ1 = λ2 = 8 and w = 0.5. The lower graph plots
the subjective valuation implied by inefficient coding, v(p), and its one-standard-deviation bounds
v(p)± σ(p); when computing v(p) and σ(p), we use the coding rule from equation (A.1). Panel B:
the upper graph plots a uniform prior distribution f(p) = 1. The lower graph plots the subjective
valuation implied by efficient coding, v(p), and its one-standard-deviation bounds v(p)±σ(p); when
computing v(p) and σ(p), we use the coding rule from equation (3) in the main text. For both
panels, we set the parameter n to 10. In the lower graph of each panel, the green dash-dot line is
the forty-five degree line.
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B. Multi-Dimensional Efficient Coding

Consider a binary risky lottery: ($X, p; $0, 1−p). In this section, we analyze an efficient coding

model with two dimensions: the first dimension is X, the lottery upside; the second dimension is p,

the probability that the risky lottery delivers X. Suppose that the DM holds prior beliefs about

X and p, denoted by f(X, p). When the lottery is revealed to the DM , she draws a noisy signal,

Rx, of X, from the likelihood function f(Rx|X, p) and a noisy signal, Rp, of p, from the likelihood

function f(Rp|X, p). We then assume that the DM encodes X and p through a total number of n

“neurons” and that she chooses f(Rx|X, p) and f(Rp|X, p) to maximize

I((X, p); (Rx, Rp)), (B.1)

which is the mutual information between the payoff-probability pair, (X, p), and its noisy repre-

sentation (Rx, Rp).

Here, we analyze a special case of the above model in which the DM has a prior that X

and p are drawn independently. In this case, p contains no information about X and therefore

f(Rx|X, p) = f(Rx|X); similarly, X contains no information about p and therefore f(Rp|X, p) =

f(Rp|p). Moreover, it is easy to show that, when X and p are drawn independently,

I((X, p); (Rx, Rp)) = I(X;Rx) + I(p;Rp). (B.2)

That is, the overall mutual information in (B.1) is equal to the sum of I(X;Rx), the mutual

information between X and Rx, and I(p;Rp), the mutual information between p and Rp.

We then follow Heng et al. (2020) and obtain

f(Rx|X) =

(
nx

Rx

)
(θ(X))Rx(1− θ(X))nx−Rx ,

f(Rp|p) =

(
np

Rp

)
(θ(p))Rp(1− θ(p))np−Rp , (B.3)

where

θ(X) =
(
sin

(π
2
F (X)

))2
, θ(p) =

(
sin

(π
2
F (p)

))2
. (B.4)

That is, when theDM maximizes mutual information within each dimension, she arrives at the cod-

ing functions, θ(X) and θ(p), derived in Heng et al. (2020). As such, the constrained optimization

problem faced by the DM reduces to

max
nx>0,np>0

{I(X;Rx) + I(p;Rp)}, (B.5)

subject to equations (B.3) and (B.4) and nx + np = n. We solve this constrained optimization

problem numerically.

[Place Figure B.1 about here]
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Figure B.1 provides a numerical example of the model’s solution. Suppose the DM holds a

prior that X is drawn uniformly from [23, 27] and that X and p are drawn independently. Further

suppose that the DM has a total of n = 15 neurons to encode X and p. We then consider the

two mixed priors, which take the form of (9) described in Section IV. For both mixed priors, the

stable component takes the form of (10); the parameter values are: λ1 = λ2 = 8 and w = 0.5.

In the intermediate condition, the fast-moving component takes the form of (11). In the extreme

condition, the fast-moving component takes the form of (12). The parameter values are: pl = 0.38,

ph = 0.62, pl,1 = 0.1, pl,2 = 0.21, ph,1 = 0.79, and ph,2 = 0.9. The weight ξ the DM assigns to the

stable component is 0.5.

Following the constrained optimization described by (B.5), the DM optimally allocates nx = 8

neurons to encode X and np = 7 neurons to encode p in the intermediate condition; she optimally

allocates nx = 7 neurons to encode X and np = 8 neurons to encode p in the extreme condition.

Figure B.1 plots the probability weighting functions implied by the intermediate and the extreme

conditions. Comparing Figure B.1 with Figure V, we observe that the theoretical predictions

discussed in Section IV regarding the malleability of probability weighting remain robust to allowing

for noisy coding of X.
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Figure B.1
Prior distribution and value function: Multi-dimensional efficient coding

The upper graph plots a mixed prior distribution fc(p) in the form of (9) described in the main
text. The first, stable component takes the form of (10); the parameter values are: λ1 = λ2 = 8
and w = 0.5. The second, fast-moving component takes the form of (11) in the intermediate
condition and takes the form of (12) in the extreme condition; the parameter values are: pl = 0.38,
ph = 0.62, pl,1 = 0.1, pl,2 = 0.21, ph,1 = 0.79, and ph,2 = 0.9. The weight ξ the DM assigns to
the stable component is 0.5. The lower graph plots, for both the intermediate condition and the
extreme condition, the probability weighting function implied by the multi-dimensional efficient
coding model described in Online Appendix B; here we set n = 15. For both the intermediate
condition and the extreme condition, X is drawn uniformly from [23, 27]. In the intermediate
condition, the DM optimally chooses nx = 8 and np = 7; in the extreme condition, the DM
optimally chooses nx = 7 and np = 8. The green dash-dot line is the forty-five degree line.
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C. Expected Payoff from Experiment 2

In this section, we derive the expected payoff a subject receives from Experiment 2. As described

in Section V, each subject receives a fix amount of $3.00 for participating in the experiment. As

such, when computing the subject’s expected payoff, we focus only on the bonus component.

Suppose, for a given trial in Experiment 2, the objective probability is p. Given p, the subject’s

perceptual system generates a noisy signal Rp from f(Rp|p). Then, given Rp, the subject reports

a certainty equivalent of 25 · E[p̃|Rp]. With the Becker-Degroot-Marschak (Becker et al., 1964)

incentive scheme, the expected bonus payoff the subject receives, conditional on p and Rp, is

1

25

∫ 25

25·E[p̃|Rp]
qdq +

1

25

∫ 25·E[p̃|Rp]

0
(25× p)dq

=
1

25

∫ 25

25p
qdq +

1

25

∫ 25p

0
(25× p)dq − 1

25

∫ 25·E[p̃|Rp]

25p
(q − 25p)dq

=
25

2
(1 + p2)− 25

2
(E[p̃|Rp]− p)2. (C.1)

Note that equation (C.1) corresponds to the limiting case of the 2,500-row payoff scheme we im-

plemented in Experiment 2; the details of this 2,500-row payoff scheme are provided in Online

Appendix E.2; as the number of rows increases from 2,500 to infinity, the expected bonus payoff

approaches the expression given by equation (C.1).

Averaging across different Rp for a given p, and further averaging across different values of p

drawn from the subject’s prior belief f(p), the expected bonus payment is

E[payoff] =
25

2

∫ 1

0
(1 + p2)f(p)dp− 25

2

∫ 1

0

(∑n

Rp=0
(E[p̃|Rp]− p)2f(Rp|p)

)
f(p)dp, (C.2)

which is equation (15) in the main text.

[Place Figure C.1 about here]

Given the DM ’s performance objective in equation (C.2) and the U -shaped prior from equa-

tion (8) of the main text, Figure C.1 plots the optimal coding rule θ̂(p), which we solve numerically,

and the subjective valuation v̂(p) implied by θ̂(p).
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Figure C.1
Comparing performance objectives: Maximizing mutual information vs. maximizing expected

payoff

Panel A plots a U -shaped prior distribution in the form of (8) described in the main text; the
parameter values are: λ1 = λ2 = 8 and w = 0.5. Panel B plots the coding rule θ̂(p), numerically
solved for maximizing the expected payoff given by equation (C.2); it also plots the coding rule
θMI(p), defined in equation (3), that maximizes the mutual information between p and Rp. Panel

C plots the subjective valuation v̂(p) implied by θ̂(p); it also plots the subjective valuation vMI(p)
implied by θMI(p); the green dash-dot line is the forty-five degree line. For both Panel B and Panel
C, we set the parameter n to 10.
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D. Experimental Designs

Figure D.1
Screenshot from Experiment 1

Subjects are incentivized to quickly and accurately select the larger of the two displayed fractions.
Subjects input their response on the keyboard using either the “Q” key (for left) or the “P” key
(for right).
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Figure D.2
Screenshot of trial from Experiment 2

In this example, the risky lottery pays $25 with 53% probability and $0 with 47% probability. The
slider position indicates that the subject’s reported certainty equivalent on this trial is $10.12.
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Table D.1
Fraction pairs in Experiment 1

Test trials Catch trials

Fraction 1 num Fraction 1 denom Fraction 2 num Fraction 2 denom Fraction 1 num Fraction 1 denom Fraction 2 num Fraction 2 denom

1 25 3 50 3 45 1 20

2 25 3 50 2 9 3 8

3 25 7 50 7 55 3 20

4 25 7 50 5 6 3 8

4 25 9 50 9 46 4 21

6 25 11 50 3 7 2 7

6 25 13 50 13 55 6 21

7 25 13 50 5 9 3 7

8 25 17 50 17 45 8 21

9 25 17 50 5 9 2 7

9 25 19 50 19 55 9 20

11 25 21 50 3 5 3 8

11 25 23 50 23 45 11 20

12 25 23 50 7 8 2 9

13 25 27 50 27 55 13 20

14 25 27 50 5 6 7 8

14 25 29 50 29 45 14 21

16 25 31 50 2 9 5 9

16 25 33 50 33 55 16 21

17 25 33 50 5 6 3 4

18 25 37 50 37 45 18 19

19 25 37 50 3 7 5 6

19 25 39 50 39 55 19 20

21 25 41 50 7 8 3 7

21 25 43 50 43 45 21 25

22 25 43 50 5 6 3 7

23 25 47 50 47 55 23 25

24 25 47 50 2 7 7 8

Notes. The table presents the fraction pairs used in the discrimination task from Experiment 1. The left panel provides the 28

fraction pairs used in the test trials; the right panel provides the 28 fraction pairs used in the catch trials. For each panel and each row,

“Fraction 1 num” and “Fraction 1 denom” denote the numerator and denominator of the first fraction. “Fraction 2 num” and “Fraction

2 denom” denote the numerator and denominator of the second fraction. We counterbalance the left-right ordering of the two fractions

so that each subject is presented with a total of 56 test trials.
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Table D.2
Design parameters for Experiment 2

Adaptation conditions Test conditions

Extreme Low Intermediate High Low Intermediate High

10 10 38 67 11 38 69

11 11 39 68 15 42 73

12 12 40 69 19 47 77

13 13 41 70 23 53 81

14 14 42 71 27 58 85

15 15 43 72 31 62 89

16 16 44 73

17 17 45 74

18 18 46 75

19 19 47 76

20 20 48 77

21 21 49 78

79 22 51 79

80 23 52 80

81 24 53 81

82 25 54 82

83 26 55 83

84 27 56 84

85 28 57 85

86 29 58 86

87 30 59 87

88 31 60 88

89 32 61 89

90 33 62 90

Notes. The table provides the specific values of probability (in percentage) used in each of the

adaptation and test conditions. Each of the four columns on the left corresponds to an adaptation

condition, and it contains 24 trials. Each of the three columns on the right corresponds to a test

condition, and it contains 6 trials. Each entry in the table denotes a probability p associated with

the upside payoff of $25. Subjects who are randomized into the low test condition are further

randomized into either the low or intermediate adaptation condition; subjects who are randomized

into the high test condition are further randomized into either the high or intermediate adaptation

condition; subjects who are randomized into the intermediate test condition are further randomized

into either the extreme or intermediate adaptation condition.
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E. Experimental Instructions

E.1. Instructions for the discrimination task in Experiment 1
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E.2. Instructions for the valuation task in Experiment 2
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