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Abstract

Under the condition of agents having time-inconsistent preferences, this study characterizes the
discount function using survival functions and hazard rates from survival analysis. It models the
environmental state in reinforcement learning using jump-diffusion processes and explores the
impact of jump processes on value functions and the time of preference reversal. The study indi-
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cates that: 1) Under the jump-diffusion process, value functions are highly correlated with time,
and the time of preference reversal is advanced. 2) When jump amplitudes follow the same dis-
tribution, with an increase in the intensity of the Poisson process, the value of the value function
also increases, and the time of preference reversal occurs earlier. 3) Under the same intensity of
the Poisson process, when jump amplitudes follow a normal distribution, the value of the value
function is maximized, and the time of preference reversal is earliest. These findings provide im-
portant references for decision-makers to predict and identify potential sudden events and take
corresponding preventive measures.
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Figure 1. Hazard rate and survival function
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Figure 2. Value Function, Optimal Policy, and Q-function under Hyperbolic and Exponential Discounting when A = 0
2.2=0 0/, WERTIIFIEEIT I THERY . RMER. Q BY

DOI: 10.12677/0rf.2023.135520 5185 1B 512


https://doi.org/10.12677/orf.2023.135520

EIS1

K 3gah 7 A=05, BIFREHEBONBERR - ot fEns, BEERNE BN WR BB, XU T BN
BRI T4 R . B @) T LR IR HCEBOBEER - ¥ RO RER, K RPUEARIFAL, HERES
1] LA G, I FLAE — s IO TRV R A, B R BRI R 2B AR . B (0) TR () Jig s 17 25 21 B SR A
Q K%, EIHRIN BLHIK T REUNT 0.7 BHE P2 AR, (H 2RSSR, B8R sI A,
MM SRR SR ILR, IF H 5SSOy RO REAR b, (a8 5 A A e TR [ (d) AT (e)
J&rs TR LT A B AR Q s, WT LAE SIME s Q RREFIRE A s i 18 5%, I HBE 18] PR 1

4.

Value function

1.0 21
18

0.8
15

0.6 .

Q

0.4

0.2

0.0 0

0 1 2 3 4 5 6
t

(<]

o

w

(a) 1EPA%L
Optimal polic
1.0 P P Y 1.0
0.8
0.6
Qa 0.5
0.4
0.2
0.0 0.0
0 1 2 3 4 5 6
t
(b) FALIRmE

DOI: 10.12677/0rf.2023.135520 5186


https://doi.org/10.12677/orf.2023.135520

EIS1

Advantage values for s=0.5075377225875854

3.0 4
—— spend
—— invest
2.5 1
2.0 4
o
1.5
1.0 1
0 1 2 3 4 5 6
t
(c) Q Hi%k
Value function
1.0
0.195
0.165
0.135
0.105
0.075
0.045
0.015
0 g 2 3 4 5 6
t
(d) 1%L
Advantage values for s=0.5075377225875854
0.34
0.32
—— spend
o _P
—— invest
0.30 -
0.28 -
0 1 2 3 4 5 6

(e) Q %k

Figure 3. Value Function, Optimal Policy, and Q-function under Hyperbolic and Exponential Discounting when 4 = 0.5
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Figure 4. Value Function, Optimal Policy, and Q-function under Hyperbolic Discounting for . =1.5and 1 =3
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