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Motivation

Learning problems in psychology

~ffm

A Risky Decision-Making Task (RDT)

Large/Risky option
3 pellets + chance of shock
0-100%
-5 blocks
-8 force/10 free choices/block

Small/Safe option
(1 pellet, no shock)

Animal learning experiment example (Chiavegatti
and Floresco, 2024)

70% 70%
{common) {common)

(rare)

2% 67%
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Human learning experiment
example (Gillan et al., 2015)
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Background

Q-Learning ; fcfm

Standard Q-Learning (Sutton and Barto, 2018)
Reward prediction error (RPE):

5nit = Rnit - Qnit

Q-value update:
Qnit = Qn,i,tfl + O[(Sn,i,tfl

Choice probability (logit):

gy = P Qnir)
P(ynit = 1) - Zj exp(u Qntj>

Limitation: R is a scalar — no attribute decomposition (no preference parameters!).
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Background

Q-Learning ; fcfm

Q-Learning (Sutton and Barto, 2018) is a well-stablished RL model in psychology &
neuroscience, previously used in transport (e.g., Henriquez-Jara et al., 2025), but was
designed for laboratory settings with:

» Unidimensional rewards (food, shock, binary outcomes)
» No subjective taste parameters — reward value assumed known to modeller
» No economic interpretation (no WTP, no MRS, no welfare)

» Complete feedback sequences — not typical field/survey data
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Multiattribute Q-Learning (MAQL)

Multiattribute Q-Learning (MAQL) : fcfm

Multiattribute reward
Rnit = Z Bk Xnikt
k

Xnike: attribute k of alternative i at time t; By satisfaction parameter. See Schultner
et al. (2025) and Ng, Russell, et al. (2000) for other multi-attribute RL models.

Q-value update

Qnit = Qnit-1+ (Z BiXnik,t—1 — Qn,i,t—l)
k

P(ynit = 1) = exp (1 Qi) now with fixed p = 1.

Y exp(p Qny)
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Multiattribute Q-Learning (MAQL)

Identification: Monte Carlo Simulations

100 individuals - K € {2,5, 10} attributes - T € {10, 30, 100, 200} trials
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Multiattribute Q-Learning (MAQL)

Identification: Monte Carlo Simulations

K=2, T=10 K=5, T=30 K=10, T=100

2¢]

Q - value
o

Trial

—— Estimated — - Simulated
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Multiattribute Q-Learning (MAQL)

Economic interpretation 5y fcfm

Marginal effect on next period’s utility

8Qni
Qnit = Qn,it—1 + 04(2 BrXnik,t—1 — Qn,i,t—l) = = af
P

OXnik,t—1

Immediate marginal rate of substitution

8Qnit

MRS,'(/(, r) = 78)(;"5:1:1 = ng = gk

OXnir,t—1

”
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Multiattribute Q-Learning (MAQL)

Qnit = Qn,it—1+ &(Rnjit—1 — Qnit—1)
= Qnit—1(1—a)+aRnit—1,

Discounted accumulated
Residual value of reward of alternative i
starting Q-value

—_— t ,
Qnit = (1= )" Qnio +a Y _ (1= )" " Ruje—1¥ni,e—1 -

t'=1
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Multiattribute Q-Learning (MAQL)

Economic interpretation : fcfm

Overall marginal effects

Assuming each attribute k follows a generic distribution f (i, o), where px and oy
denote its expected value and standard deviation, respectively:

E(Quit | 1) = (1= )" Quo+a Y (1—a)" (Z Bkﬂk) Yni,t'—1
P

t'=1
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Multiattribute Q-Learning (MAQL)

Economic interpretation : fcfm

Overall marginal effects

Assuming each attribute k follows a generic distribution f (i, o), where px and oy
denote its expected value and standard deviation, respectively:

E(Quit | 1) = (1= )" Quo+a Y (1—a)" (Z /Bkﬂk> Yni,t'—1
P

t'=1

Rearranging,

E(Qnit | ,u) = (1 - O4)thiO + « (Z Bkﬂk) Z (1 - a)t_t/}/ni,t’fl-
k
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Multiattribute Q-Learning (MAQL)

Economic interpretation : fcfm

Then, a marginal variation in the expected value of attribute k produces a marginal
variation in the expected Q-value given by:

aE(Qnit | N) d t—t
_— = 1— i1,
aﬂk aﬁk 2( Oé) Ynit'—1
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Multiattribute Q-Learning (MAQL)

Economic interpretation : fcfm

Then, a marginal variation in the expected value of attribute k produces a marginal

variation in the expected Q-value given by:

aE(QMt|N) d t—t
_— = 1 — el 1.
auk aﬁk t,§:1( Oé) Ynit'—1

Overall marginal rate of substitution
The MRS between the expected values of two attributes, px and p,, is

aE( Qnit'/"‘)

Otk _ Oé,@k Ei’:l(l - O‘)titIYni,t’fl &

MRS;(k, r) = = -

78E(§;’”|“) af, 25’:1(1 - a)tit/}/ni,t’fl Br .
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Multiattribute Q-Learning (MAQL)

Case Study: Route Choice Under Travel Time T fcfm

Uncertainty

30 choice tasks

Instructions

Experiment

» N = 473 individuals
» T = 30 choice tasks
» Chile, Nov. 2025
| 2

Alt. A: fast & risky
t =28 min, c = 10.5

Alt. B: slow & safe
t=30 min, c =29

v
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Multiattribute Q-Learning (MAQL)

Case Study:  Route Choice Under Travel Time
Uncertainty

= fefm

Reward function:

Rnit = /Bi + /Btt - ttpi + (/BvarJr + ﬁvar* : ]-Att,,,-t<0> . Attnit

where Attpje = ttnit — tty; -(ni¢) (change vs. last experience of alt. 7).
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Multiattribute Q-Learning (MAQL)

Three Model Specifications : fcfm

MAQL — static population-level o

o exp(ao)
1+ exp(ao)

0-MAQL — « depends on sign of RPE

eXp(@nit)

d"it =ap + o - 15n,i,t—1<01 Qpjt = H‘ex—l)(éé)
nit

Mix-MAQL — random individual learning rate

A exp(én)
—aotem enm N(0,Go), )
Qp Qo T Ep €n ( Ua) Qp 1 —{—exp(o?,,)

All models share the same Q-value update and reward function. Scale fixed at p = 1.
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Multiattribute Q-Learning (MAQL)

Estimation Results : fcfm
MAQL 5-MAQL Mix-MAQL
Parameter Est. t Est. t Est. t
@ -1.879 —163 —1.460 —22.0 —3.914 —17.3
a~ — — 1400 -58.1 — —
Qo1 0 — 0 — 0 _
Qo2 0.166 3.66 0.082 1.46 —0.084 —1.58
Balt1 7.447 9.64 6.378 317  11.532 7.58
Batt2 8.177 11.0 7.357 110.  12.699 8.29
Bit —1127 —828 —9.721 —195. —19.88 —7.08
Buart —2073 —8.04 —7480 —727 —3720 —522
Bar— -1.679 —0.87 55.66 36.1 —7.258 —221
Oa — — — — 3.614 11.9
N; obs. 417; 12510 417; 12510 417; 12510
LL(final) —6470.1 —6446.5 —6321.7
2 0.253 0.256 0.270

All t-ratios relative to Hy = 0. u fixed at 1 for identification. Mix-MAQL estimated with 500 Halton draws.
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Multiattribute Q-Learning (MAQL)

Learning Rate Heterogeneity ¥ fcfm

40

Model #MAQL = MAQL Mix-MAQL
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Multiattribute Q-Learning (MAQL)

Key findings
» Population mean @ = 0.14 masks bimodal heterogeneity (Mix-MAQL)

» 5-MAQL: a(6 > 0) =0.19 > a(6 < 0) = 0.05 — faster updating for positive
surprises

» (G <0 and B,,+ < 0 consistently across all models
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Multiattribute Q-Learning (MAQL)

Conclusions and next steps : fcfm

» The Q-learning model can be extended to capture multiattribute rewards.

» The Multiattribute Q-Learning (MAQL) model is interpretable, with marginal
rates of substitution (MRS) depending only on the reward parameters.

» The model can be further extended to account for inter-individual heterogeneity.
Next steps

v

Can we make simplification assumptions to avoid estimating a dynamic model?

» Can the Q-learning model be estimated even when the learning process is only
partially observed (missing data)?

» Estimate the model with real life data
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Multiattribute Q-Learning (MAQL)
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Multiattribute Q-Learning (MAQL)
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