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Research Context

LLMs can act as simulated human participants, helping reduce the cost of human data collection in

behavioural experiments
* Dillion, D., N. Tandon, Y. Gu, and K. Gray (2023), “Can Al Language Models Replace Human Participants?” Trends in Cognitive Sciences, 27 (7),

597-600.
e Cui, Z, N. Li, and H. Zhou (2025), “A Large-Scale Replication of Scenario-Based Experiments in Psychology and Management Using Large

Language Models,” Nature Computational Science, 1-8.

This is especially important for personalization, where data need to be collected from multiple consumer

segments
* Sunstein, C. R. (2022), “The Distributional Effects of Nudges,” Nature Human Behaviour, 6 (1), 9-10.
* Szaszi, B., D. G. Goldstein, D. Soman, and S. Michie (2025), “Generalizability of Choice Architecture Interventions,” Nature Reviews

Psychology, 1-12.

While fully replacing human participants with LLMs is not currently feasible, methods that integrate LLM-

generated data with small amounts of human data are promising

 Kim, J., M. Kovach, K. M. Lee, E. Shin, and H. Tzavellas (2024), “Learning to Be Homo Economicus: Can an LLM Learn Preferences from
Choice?” arXiv preprint arXiv:2401.07345.

* Brand, J., A. Israeli, and D. Ngwe (2023), “Using LLMs for Market Research,” Harvard Business School Working Paper No. 23-062, SSRN
4395751.



Research Context

 We integrate LLMs with human data to design decoy-based nudges

* The decoy effect occurs when adding a third option to a choice set shifts preferences toward one of the existing
options, even though the original options themselves remain unchanged

* Parameters of decoy (here price and offset) should be personalized across different consumer segments to
maximize the decoy effect at scale.

decoy
Ticket 1 Ticket 2 Ticket 1 Ticket 2 Ticket 3
Price Price Price Price Price
$ 500 $ 550 » $ 500 $ 550 $580
Offset CO, Offset CO, Offset CO, Offset CO, Offset CO,
0% 100 % 0% 100 % \ 90 % )

N 7




Research Questions

? Can LLMs exhibit the decoy effect?
? Can LLMs be used to identify segment-specific optimal decoys?

? Can LLM-informed priors improve the estimation of choice models when human
training data are scarce and certain consumer segments are underrepresented?



Study Design

Predefined traveler segments

Country of residence LLM uses information about traveler segment

Gender > . :
Age and informs decoy parameters for this segment
Income
Environment protection concern - ~ - ~
Trust in offset programmes ( ) 3
Standard ticket
' ™
Standard ticket Ticket price: 749 USD
BOOK
~ Ticket price: 697 USD
@ P L full offset
p
\ no offset ) Decoy (LLM-informed)
( ) Ticket price: 743 USD
Carbon neutral ticket > P
Ticket price: 749 USD 40% partial ofisat
L full offset Carbon neutral ticket
g (BoOK)
o Ticket price: 697 USD
no offset
S vy
without decoy, traveler may Under optimal decoy, traveler may
choose standard ticket switch to carbon neutral ticket
o J AN /
a b

Participant is presented with choice situation without decoy (a) and with decoy (b) where decoy parameters
are set by the LLM based on participant’s demograpy




Study Design

Predefined traveller segments Decoy parameters Choice scenarios
demographic and attitudes ticket price and offset flight booking
(160 segments) (45 configurations) (3 flight length)
- 3 l ~ e N s 3
1. LLM-based simulations 2. Field experiments with travellers 3. LLM-human alignment
LLM prompt Human respondents LLM responses
[ system role ] [ user role ] ~3,600 travellers from 5 countries & l 2
v ) - Choice model estimation
LLM responses Survey design l
’ "| T panwise scenaro i Posterior parameter estimates
» — LLM-informed decoys l
Y J
LLM-informed decoys L f " ]
uman responses
Human responses ) 1

[ use 2% of human data ]

h 4

Validation of M}—
LLM-informed decoys v

- < { Choice model estimation ]
Generate decoys informed by LLM Collect and validate human responses Align LLM and human data using an
given traveller segments and to scenarios with LLM-informed decoys informative prior to improve choice
decoy parameter configurations model estimation
\. J \. J L J

Study design includes three subsequent steps




Results of LLM-based Simulations (country-level effect)

O Country-optimal decoy (LLM-informed) X Country-non-optimal decoy (LLM-informed)
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Change in Offsetting Probability under Decoy Estimated by LLM (mean across all segments)

* LLM changes offsetting probability under decoy (direction of change is reflected by color)

* Magnitude of the decoy effect depends on the decoy parameters (different cells have different color)

*  We identify LLM-informed country-optimal decoys (top 5 with highest magnitude of decoy effect, ‘0’)

*  We identify LLM-informed country-non-optimal decoys (top 5 with lowest magnitude of decoy effect, x’)



Results of LLM-based Simulations (segment-level effect)

Decoy Emission Offset

O Country-optimal decoy (LLM-informed) X Country-non-optimal decoy (LLM-informed)
China Germany India Singapore Uus
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-2 -1 0 1 2 3 4 5 -2 -1 0 1 2 3 4 5 -2-1 0 1 2 3 4 5 -2 -1 0 1 2 3 4 5 -2 -1 0 1 2 3 4 5
Decoy Ticket Price Adjustment Decoy Ticket Price Adjustment Decoy Ticket Price Adjustment Decoy Ticket Price Adjustment Decoy Ticket Price Adjustment
(relative to target price) (relative to target price) (relative to target price) (relative to target price) (relative to target price)
[ | , | T
0 2 4 6 8 10 12 14 16 18

Number of Air-Traveller Segments for Which This Decoy |s |dentified by LLM as Optimal

* We identify individual-optimal decoy that maximizes magnitude of decoy effect for particular segment
 Some decoys that are not selected as optimal at country level may be optimal for some segments
e Even country-non-optimal decoys may be optimal for some segments
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Results: Human validation in Preregistered Experiment across Five Countries

Statistical Model:

Vin = by + by x Age; + b, * Income; + by * Gender; + b, *x Concern; + bg * Trust; + {1’ if target is chosen;
Yin =

+ bg * APrice;, + b, * CountryOptimal;,, + bg * CountryNonOptimal;, + by IndividualOptimal;, 0,if competitor is chosen.

Hypotheses:

e H1: country-optimal decoy generates a stronger decoy effect than the country non-optimal, i.e., b, > bg
 H2: individual-optimal decoy generates a stronger decoy effect than country-optimal, i.e., bg > b-.

Hypotheses testing:

Singapore Germany uUusS India China
Country-optimal (b7) vs. z=.633 z=1.913 z=2.509 =-1.092 z=.898
Country non-optimal (bg) p=.527 p=.056 s p=.012* p=.275 p =.369
Individual-optimal (bg) vs z=1.274 z=.322 z=-2.581 z=-4.031 z=-2.129
Country-optimal (b~) p=.203 p=.748 p=.010* p <.001*** p=.033*
Number of respondents 694 638 736 714 713

Number of choice situations 2776 2552 2944 2856 2852
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Results: Human-LLM Alignment. Modeling Framework

Baseline Model:

Attraction Model by Rooderkerk et al (2011) that accounts for decoy effect by adding attraction term to utility
specification

Vinj = lgpricepriceinj + lgoffsetOffsetinj + (lgattraction)ATTinj

Our Modification:

We we allow the as a function of demographic characteristics and
attitudes

Vinj = ,Bpricepriceinj + ,BoffsetOffsetinj + (,Battraction + )ATTinj

Rooderkerk, R. P, H. J. Van Heerde, and T. H. Bijmolt (2011), Incorporating Context Effects Into a Choice Model, Journal of Marketing Research, 48 (4), 767—80. 12



Results: Human-LLM Alignment. Bayesian Model

Model is estimated using Bayesian approach under two different priors.

Uninformative Priors:

B ~ N (0,100%), m € {of fset, price, attraction}

Y~ N (O, 1002), | € {gender, age, income, concern, trust}
LLM-informed Priors:
B ~ N (,u#,fM, (EsLiM 2), m € {of fset, price, attraction}

2 .
Y~ N (,ulLLM , (EsptM) ) | € {gender, age, income, concern, trust},

pLLM - HEM G LLM - G LLM are the estimates that we obtain by estimating this model on the LLM-based responses

13



t. Predictive Performance
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Results

for each choice set n and alternative j, P,; denote the predicted probability of
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0 otherwise
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B8 Human (100%, uninformative prior)

E=S LLM (no human)

0 Human (fraction, uninformative prior)

B8 Human (fraction, LLM-informed prior)



Results: Human-LLM Alighment. Coefficient Estimates

Human (fraction, uninformative prior) =:=:= Human (100%, uninformative prior)
Human (fraction, LLM-informed prior) =====: LM (no human)

Training fraction = .02 Training fraction = .05 Training fraction = .10 Training fraction = .20
7[5attraction ﬁalttraction ﬁattraction ﬁattraction
ﬁo1‘fset poffset Ygender Boffset Ygender,
\4 4 4
2 2 2
|
ﬁprice ﬁprice Yage | Bprice Yage*‘
Yconcem Yconcem Yincome , Yconc«a-m Yincome
Ytrust Ytrust Ytrust Ytrust
ﬁattraction Battraction lsattraction
ﬁoﬁset Ygender ﬁoﬂ‘set Ygender )
>
c 2 2
m |
E Bprice Yage ] ﬁprice Yage*‘
o ‘
U
Yconcem Yincome Yconcem Yincome
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Concusions

* LLMs exhibit the decoy effect, but only for specific decoy configurations.

 LLM-informed personalized decoys can enhance nudging effectiveness for some
consumer segments but fail for others, resulting in no overall effect at scale.

* LLM-informed priors improve model performance and LLM—-human alignment when
human data are limited.

16



A Flexible and Interpretable Reference-Dependent
Choice Model with Endogenous Estimation of Reference Points

Jinghai Huo', Eui-Jin Kim?, Irfan Batur', Kenan Zhang?, Ram M. Pendyala’, Prateek Bansal*
1Arizona State University 2Ajou University 3EPFL “National University of Singapore

Summer School, University of Tokyo - 7 September 2026
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Motivation: people judge outcomes relative to a reference point

e Standard utility theory evaluates attributes in absolute terms — 40 minutes is 40 minutes for everyone

e Prospect theory: the same outcome is a gain or a loss depending on the individual's reference point

Driver A: R=25 min
LOSS

n
»

Offered route: 40 min
| ® I » traveltime
25 min 40 min 55 min
GAIN

P
<

Driver B: R=55 min

e Consequence: ignoring reference points misstates elasticities, willingness-to-pay and policy response

e But the reference point is rarely observed — and it differs across people

18



Prospect theory (1/3): the value function

Value function v(A)

—(Gains: concave (a<1) ==|o0sses:convex(f<1)

Reference point R

\ gain of4

Value v(4)

loss of 4 hurts
A>1times more

-10

A

-5 0 5

Deviation from reference point A=x-R

10

v(4d) = A% if A>0 (gain)
v(4) = —A(—A)F ifa<0 (loss)

Notation

A = x — R : deviation of attribute x from
reference point R

a € (0,1) : curvature for gains > concave,
diminishing sensitivity
B € (0,1) : curvature for losses - convex

A > 1 :loss aversion — losses loom larger than
equal gains
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Prospect theory (2/3): probability weighting and prospect value

1.0

0.5

Decision weight w(p)

py
W) = A=y

(gains; replace y by 6 in the loss domain)

small p
overweighted

e v, :probability distortion in the gain / loss domain

e y <1 - inverse-S: rare events overweighted, likely
events underweighted

Prospect value entering utility
- No distortion w(p)=p

= (.6: inverse-S V+
me § =1.5: S-shape _
|74

w'-v(4)- 1[4 > 0]
<0

IA IV

. . w-v(4) 1[4 < 0]
0.5 1.0

Objective probability p 1[-] is the indicator function; gains add value, losses subtract it

20



Prospect theory (3/3): two obstacles to empirical use

Where does reference point come from? How flexible can utility be?

e Usual practice: fix R at the status quo for everyone e Parametric forms are interpretable but restrictive, as

e Evidence: reference points are heterogeneous and they impose pre-defined shapes on attribute effects

formed from experience, expectations and e Unconstrained DNNs are flexible but may violate
demographics monotonicity and curvature

e Treating R as fixed pre-processing leaves it e Violations destroy marginal effects, WTP and
inconsistent with the estimated preferences elasticities

This study: solve both jointly

e RD-CMNN: a reference network learns individual-level R, a CPT layer converts deviations into prospect values,
and a constrained monotonic neural network (CMNN) specifies utility

e All three components trained end-to-end with a single cross-entropy loss - reference points and behavioural
parameters are mutually consistent

e Monotonicity and curvature are guaranteed by construction, not by penalty terms



The RD-CMNN architecture

Reference Dependent Constrained Monotonic Neural Networks (RD-CMNN)

T T T T T
| Individual Context | Reference Networks
e ™ | ( B |
| e | || Feedtorwardpnn | _ _
Characteristics Gradient backpropagation updates Reference Networks
\. J \, T
| | | 3 [ I
' ~ s B
. : I
| Experience-based | | Reference Point |
Context R: anchored to p (avg. ' '] — — — — — — — I
| | | experience)= learned correction | Cumulative Prospect I |
\ J \. J | Theory (CPT) Layer Constrained Monotonic Neural |
- _ _ o\ _—_ _—__—_ | | Networks (CMNN) I
- S |
Reference- | Value Function | Input t .
> Prospect gain A ( I
depe-ndnet | T from CPT +1 Concave | I
Attributes | |
\ 7/ | Probability Prospect loss Y Convex | I
e , ™ Weighting T EAT |
Reference- | |
dependnet " Monotonic +1 Free I
Monotinic | L Attributes | I
\ Attributes J} Non-monotonic t=0 Free |
- ~ Attributes \ y \ ) | I
¥
Non-Monotonic | |
Attributes ( MonoDense Block x Layer J | |
. ) | 7 | I
| ( SoftMax — Choice Probability J |
: |
| £(8) =—13% ¥ 5 log, (8 I
( ) Nen=1 1_13’“,} gyr!,}( ) I

D Input |:| Reference Networks D CPTLayer D CMNN |:| Output

Three components, one differentiable graph: reference networks - CPT layer = constrained monotonic network; gradients flow all the way back



Component 1: reference networks — learning R for each individual

Rk,n = Xkn T tanh (fref(Xind,n; (,0)) X U(Vraw) X RNGk,n

Notation

* Ry :estimated reference point of person n for attribute k Key idea

° Xkp:experiential anchor (e.g., the reported habitual commute time) e  Start from what the person has
e Xindn : demographics and attitudes of person n experienced

e Letthe datalearn a bounded,

fref(+; @) : feedforward network, one per attribute; . .
signed correction around that

tanh(:) € (—1,1) : direction of the correction anchor
0(Vraw) € (0,1) : learned intensity of the correction (trainable) e No status-quo assumption, yet
the estimate stays behaviourally

RNGy ;, : observed range that bounds it: X35 — Xmin , 8iven, not

learned plausible

Empirical instantiation (commute time)

fo,n = fn + tanh (fref(Xind,n; @ref)) X O-(Vraw) X (Tmax,n - Tmin,n)

Ty anchor xy , - reported average commute time; RNGy , - individual’s experienced commute range

23



Component 2: CPT layer (from deviations to prospect values)

Deviation Aknj = Xknj — Rkn sign of A decides gain vs. loss
Value function U(A) with a, 5,1 diminishing sensitivity + loss aversion
wt =w(pt; v) N : : :
Probability weighting _ p_, 14 subjective distortion of gain/loss
w™ =w(p~; 6) frequencies
Prospect values Vk+,n,j > (0 and Vk_,n,j <0 the inputs handed to the CMNN

e n=individual, j = alternative, k =reference-dependent attribute
J ﬁf{ = empirical share of gain outcomes for attribute k in the training set

e The five CPT parameters w = {a, 8, 4, v, 8} are kept strictly positive by log-parameterisation and estimated jointly with
the networks

24



Component 3: CMNN — flexibility with guaranteed shape

e Monotonicity by construction: sign constraints on the weight matrix, driven by an indicator t per input

TRy T Monotonicity t Curvature control

Gain prospect values V* t =+1 (non-decreasing) Concave
Loss prospect values V- t=+1 (non-decreasing) Convex

Reference-neutral monotonic

- =+1 (known direction) Fr
attributes t (known direction) Free

Non-monotonic attributes (e.g.

. t =0 (unconstrained) Free
categorical)

output = p°® (|WT|t - x + b)
W = weights, b = bias, x =layer input
. |WT|t: sign constraint. t =+1 /-1 / 0 per input: utility must rise, fall, or is
unconstrained

e p®:curvature partition. s = (8, §, §) splits the hidden neurons into convex,
concave and bounded activations

e Weight-constrained networks with a
convex activation can only produce
convex utility

e CMNN splits the neurons of each
layer into three groups: convex p,
concave —p(-x), and bounded p

e Any monotonic continuous function
can then be approximated — concave
gains and convex losses included

Utility U(n,j) = V(x(n,j); ) + €(n,j), with €
i.i.d. Type-l EV = logit choice
probabilities

25



The RD-CMNN architecture

Reference Dependent Constrained Monotonic Neural Networks (RD-CMNN)

T T T T T
| Individual Context | Reference Networks
e ™ | ( B |
| e | || Feedtorwardpnn | _ _
Characteristics Gradient backpropagation updates Reference Networks
\. J \, T
| | | 3 [ I
' ~ s B
. : I
| Experience-based | | Reference Point |
Context R: anchored to p (avg. ' '] — — — — — — — I
| | | experience)= learned correction | Cumulative Prospect I |
\ J \. J | Theory (CPT) Layer Constrained Monotonic Neural |
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- S |
Reference- | Value Function | Input t .
> Prospect gain A ( I
depe-ndnet | T from CPT +1 Concave | I
Attributes | |
\ 7/ | Probability Prospect loss Y Convex | I
e , ™ Weighting T EAT |
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¥
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D Input |:| Reference Networks D CPTLayer D CMNN |:| Output

Three components, one differentiable graph: reference networks - CPT layer = constrained monotonic network; gradients flow all the way back



Joint, end-to-end estimation

1
LO) =5 ). ) njlogdni(0),  6={p0,p)
noj

e ¢ reference-network weights, w = {a, 8,1, y, 6} CPT parameters, 1) CMNN weights: one loss, one optimisation

* Yp,isthe observed choice, , ; the predicted probability

Gradients reach R Constraints enforced during
training

Because A depends on R, the choice Projected gradient descent after

signal itself updates the reference each update; CPT parameters

networks, i.e. R is no longer fixed positive by log-parameterisation;

pre-processing AdamW with exponential LR decay

Evaluation: accuracy, AUC and Brier score on held-out individuals

Hyperparameters by Bayesian
optimisation

Width, depth, dropout, learning rate
and weight decay tuned for both
components; grid search is infeasible
here
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Monte Carlo: can we recover the truth?

e 20,000 synthetic choices from 5,000 individuals; reference points for operating cost and purchase price generated
from income, employment and flexible-work status, with interactions

e Three configurations: baseline, stronger loss aversion, and weaker heterogeneity

Se=__ | | Parameter |True | Estimated
L Eotmmed neraoee Pt M 56079 I Intercept 50.0 509
Income 20.0 19.1
b“"'s Full-time 12.0 11.4
Flexible work ~30.0 ~30.4
Full-time x Flexible -7.0 -7.6
o Income x Full-time 5.0 6.1

30 40 50

80 £

Reference-point coefficients for purchase price, recovered by
regressing the estimated R on the generating variables

60 kY
Reference Purchase Cost ($/1000)

Estimated vs. true reference purchase price (Config. 1)

Main effects, interactions and the multimodal shape of the reference-point distribution are all recovered, also under
weak heterogeneity



Empirical application: cooperative routing enrolment

Stated-preference survey in Singapore (400), the UK (405) and the US (403); 14 choice scenarios each

Cooperative Routing Scheme (CRS): drivers accept an occasional longer route in exchange for frequent time savings

Section | — driving patterns

Each respondent reported their average,
minimum and maximum commute time

T, anchors the reference point; Trinn, Tmaxn
bound the learned correction

Also collected: age, gender, income, education,
weekly driving frequency

Sections II-IV — 14 choice tasks

ll: 6 tasks on a two-route network personalised to
their own 7

lll: 4 tasks repeated, now revealing the enrolment
ratio

IV: same 4 tasks plus system-level CO, benefits

Attribute

Travel time

Routing plan

Total travel time over 20
days

Time-saving over 20 days

CRS enrolment ratio

Time savings, all travellers,
20 days

CO, savings over 20 days

Current situation

Route 1 Route 2
59 min 59 min
1180 min

If one enrols in CRS

Route 1 Route 2
49 min 68 min
65% 35%
1113 min

67 min (6% reduction)
80%
19,080 hours (8% reduction)

56 trees planted

29



Model specifications compared

e “Status quo” =the respondent’s self-reported average commute time 7,,, taken as given and held fixed throughout estimation

e “learned, joint” = the reference point £, ,, is predicted from individual characteristics and estimated together with the CPT and
network parameters

e Six specifications isolate one design choice at a time; all share the same data, folds and metrics

_ Reference point Utility function Shape constraints

Linear By construction
RDM Status quo (reported) Parametric CPT By construction
DNN Status quo (reported) Unconstrained network None
CMNN Status quo (reported) Constrained network Guaranteed
RD-DNN Learned, joint Unconstrained network None
RD-CMNN (proposed) Learned, joint Constrained network Guaranteed

Reference dependence, then flexibility, then a learned reference point (with and without constraints)
30



Predictive performance: the learned reference point does the work

Accuracy (higher is better) AUC (higher is better)
0.75 - 0.75 -
0.7 0.7
0.65 0.65
0.6 0.6
0.55 0.55
MNL RDM DNN CMNN  RD-DNN RD-CMNN MNL RDM DNN CMNN  RD-DNN RD-CMNN

B Singapore mUK mUS B Singapore m UK mUS

e Reference-dependent networks (RD-DNN, RD-CMNN) clearly beat models that use the reported status quo;
flexibility alone (DNN, CMNN) adds little over RDM

e RD-CMNN matches RD-DNN — imposing monotonicity costs nothing in predictive accuracy

31



Are the learned reference points behaviourally sensible?

(A) to vs Average Travel Time (B) Distribution Comparison
—— y =X 0071 :: [ Average travel time
120 { |= Linear fit (R? = 0.941) 2 :: 1 Reference point to

0.06 T == Avg mean = 42.4

]| — = tp mean = 40.8

P o E;
(=] (=] (=]
Density

Reference Point tp (minutes)

[*]
=]
L

ll) 2Il} 4I0 GI[} EIO 1 (IJO 1 é() 40 60 80
Average Travel Time (minutes) Time (minutes)

RD-CMNN, Singapore (n = 400): estimated reference point vs. reported average commute time

e Nothing forces the model to reproduce the status quo, yet across all three countries R? ranges from 0.919 to 0.941
and the means nearly coincide

e The learned reference points stay anchored in experience while allowing systematic individual deviations from it

e Same picture for RD-DNN - the mechanism is robust to the choice of architecture
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Interpretability: what constraints buy us

CPT Value Functions by Country

! = Singapore a=0.5182, $=0.8023, A=0.3256
—— UK a=0.6309, B=0.8001, A=0.4977
= US a=0.7431, B=0.7645, A=0.6328
101 === tp = 30 min
5 4
© =
=2
@
=
£ 0
&)
—54
—-104
T T T r + T T T T
10 15 20 25 30 35 40 45 50
Travel Time Outcome (t;) [minutes]

RD-CMNN value functions by country

0.6

0.0

—0.6

Singapore UK us
0 40 80 120 160 0 40 80 120 1] 40 a0 120
System Gain (scaled) System Gain (scaled) System Gain (scaled)
—— RD-CMNN —— RD-DNN —— RDM RD-CMNN (95% of folds) RD-DNN (95% of folds) RDM (95% of folds)

Partial dependence: utility of system-level gains

e «a < 1everywhere: diminishing sensitivity to time savings, strongest in Singapore (0.52) and weakest in the US (0.74) —

same ordering as the parametric RDM

e RD-CMNN also recovers convex losses (f < 1) that the parametric RDM misses, and gives the tightest confidence bands of

the three models

e RD-DNN violates theory: non-monotonic dips in the partial dependence of system gains, S-shaped gain weighting (y > 1),

and compressed cross-country differences
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Conclusions

* Reference points can be learned: A reference network anchored on experience recovers heterogeneous
reference points in simulation and yields the largest predictive gain in the empirical study

e Constraints are free: RD-CMNN matches the unconstrained RD-DNN in accuracy, AUC and Brier score,
while guaranteeing monotonicity and the curvature prospect theory requires

* Constraints are also necessary: The unconstrained model violates CPT and utility-theory principles, so its
recovered parameters cannot be read behaviourally
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Research Context

 Many consumer choice situations are characterized by simultaneous demand for multiple alternatives that are
imperfect substitutes for one another (e.g., activity time-use, grocery shopping)

* Multiple discrete-continuous choice (MDC) models jointly model multiple discrete choices and continuous
consumption levels

* Individuals are assumed to maximize the sum of alternative-specific utilities by allocating their budget across
multiple alternatives

Total budget Work School Home Leisure

24 Hours Discrete O
Continuous 9 Hours 0 13 Hours 2 Hours

Optimal activity time-use t = argmax Yo Ur (t1)
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Research Context

* In MDC models, the satiation effect (i.e., monotonically increasing utility with diminishing marginal utility)

* The multiple discrete-continuous extreme value (MDCEV) model (Bhat, 2008) is most widely used model

The MDCEV model

4%
Up(ty) = VP In| —+1
Yk

35 - Yy Discrete choice

Baseline marginal utility at zero consumption

3.0
2.5 A
2.0

21 5 ¥+ Continuous choice
1.0 - C e . . .-
1- Diminishing marginal utility
0.5 -
0 0.0 -
0 2 4 6 8 10 0 2 4 6 8 10
t *yk =1 t *I)bk =1
Bhat, C. R. (2008). The multiple discrete-continuous extreme value (MDCEV) model: role of utility function parameters, identification considerations, and model 37

extensions. Transportation Research Part B: Methodological, 42(3), 274-303.



Motivation

limited flexibility constrains predictive performance

excessive flexibility may reduce interpretability

performance and interpretability

Choice data

e.g., Activity time-use data

Utility function
Embedded in Data

06—

Utility

04

0.2

0.0

0 2 4 6 8 10

Activity time

Predefines
Handcrafted utility

@

Learns utility
directly from data

Utility

High interpretability,
Low predictability

0 2 4 6 8 0
Activity time

Utility

Low interpretability,
0 4 High predictability
0.
8
06 |
04|
0.2

0.

0 0 2 4 6 8 10
Activity time

(+)
=

Theory-driven models (e.g., MDCEV) are highly interpretable with parsimonious utility specifications, but their

We develop a theory-constrained data-driven model that preserves the KKT structure, balancing predictive

Lattice network

@ While preserving
-@’l theoretical properties,

Flexibly estimate
utility specification

High interpretability,
High predictability

1.0 2
08 o
Ll
> 06
=
E
S o4
02
0.0 4
0 2 4 6 8 10
Activity time

Data-driven models can achieve higher predictive performance by flexibly learning utility functions from data, but
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Model formulation

 We generalize the utility structure of MDC models and estimate each utility component directly from data

U(t) = ¢p1(0)ty + Xes P () i (tr) + Yoz Zm<k Diem (trr tm)

m#1

* (¢: baseline marginal utility (parameterized by individual-specific attributes x)
* gy satiation effect, dj,,: cross-alternative interactions

(a) Baseline marginal utility (b) Satiation (c) Cross-interaction
X = (xl,...,xD) ty t3 ty ty tm
Iy Iy i s’
A 4 .4 Yy I3
T7 7 7 T7
¥ ¥ ¥ v
¢(x) = (P1(%), ..., P (X)) g2(t2) g3(t3) Ik (tx) Aiem (tier tim)
Calibration layer  — — —-—. —+  Monotonic . Individual attributes O Hidden state
Lattice layer Non-monotonic . Consumption levels O Utility components




Model formulation

e Lattice networks (LNs) (Gupta et al., 2018) preserve economic shape constraints (i.e., monotonicity and concavity)
through piecewise linear functions and multilinear interpolation

* According to its shape constraints, different network architectures are applied to each utility component:
- Baseline marginal utility (a): flexible multilayer perceptrons (MLPs)
- Satiation (b) and cross-interactions (c): shape-constrained LNs

(a) Baseline marginal utility (b) Satiation (c) Cross-interaction
X = (xl, ceey xD) ty t3 ty ty tm
Iy Iy i s’
4 .4 Yy I3
T7 T7 T7 7
- ¥ ¥ -
¢(x) = (P1(%), ..., P (X)) g2(t2) g3(t3) Ik (tx) iem (L) tn)
Calibration layer  — — —-—. —+  Monotonic . Individual attributes O Hidden state
Lattice layer —  Non-monotonic . Consumption levels O Utility components
Gupta, M., Bahri, D., Cotter, A., & Canini, K. (2018). Diminishing returns shape constraints for interpretability and regularization. Advances in neural information 40

processing systems, 31.



Model training

e Data-driven models are trained by updating a large number of parameters through backpropagation
- Kim and Bansal (2024) specifies the systematic utilities of a discrete choice model using LNs, applies a softmax function to
obtain choice probabilities, and updates the model parameters through backpropagation

e Updating the parameters of MDC-LN is not straightforward
- Consumption levels must be obtained by solving a utility maximization problem

Specification Algorithm
U(x, ) Ux,t)
N TN ~ - explainable
Theory-driven models t= argI[:naX U(xl t) Low predictability
Handcrafted utility Optimization
fo(x)
. O fﬂ {I)
. O ~ — unexplainable,
Data-driven models . O O /\f\/v\ t=fo(x) High predictability
Direct prediction
Neural networks
Ug(x,t)
@ Ug (x, t)
MDC-LN O:} ‘ /—\'\ Z — explainable
p { 1O t = argmax Uy(x, t) . N
(proposed) OD % -[D ¢ High predictability
Theory-constrained Optimization
networks

Kim, E. J., & Bansal, P. (2024). A new flexible and partially monotonic discrete choice model. Transportation research part B: methodological, 183, 102947. 41



Model training

* Training MDC-LN involves two alternating optimization steps:

- Forward pass: Given the current model parameters @MPCLN solve the utility maximization problem to obtain
the optimal consumption vector t* (using the KT conditions)

- Backward pass: Backpropagate the gradient of the loss between the observed t and predicted t* to update
OMPCLN (implicit differentiation without unrolling the optimization steps)

Forward pass: KT-based utility maximization

A
~
=
o
QMLP S
¢ \ > D —_——
TR sl
s o ot N
// 5 I _—_____ \\
// > dﬁ \\
7 Q| \
\
> \\

* .
< t i Loss function
1 | *
o) - Lt t)
Q IN A /
= “ OmNcal /

.+ —_ ,
s N L = /
N Y A Aa S 3 //
,,,,,, eLN /S = P
Lat = P
T A T Qi <_//’/
v ¥ ¥ =
. LN / =2
@ourcal =z
000 o
LN t t

Backward pass: Implicit differentiation 42



Model training: forward pass

* The Lagrangian for the MDC-LN utility maximization problem is

Lagr(t) = ¢1 )ty + TE_; dre (D) g (tie) + Tik=z Zmekc Giem (trer tm) + A(T = Ti=z tic)

m#1
KT conditions:
aLai;qr =0:¢; — A =0 (outside good, always consumed)
agifr < 0: g (ti) + Xk 22m<11< agfm (tg, tm) — A < 0 (equality when consumed, inequality otherwise)
m+

* We introduce a normal error term into ¢, to capture

dr(x) = exp (h¢ k(x 9(12,/’“3) ),

* Rearranging the KT conditions w.r.t. the error term yields the discrete choice probability of alternative k

* * ’ 0dgm
Pr(t,>0][tl,)=® <h¢,k(xi 9%’“’) +1og g5 (0) — log(¢p1 — Y=z Zm<k af (0, tm))>

m#1

43



Model training: forward pass

Solving the utility maximization problem is a major computational bottleneck in MDC models

We efficiently compute the forward pass by exploiting the structural properties of the utility function
- Alinear utility for the outside good

Monotonic, concave, and piecewise-linear utilities for inside goods

A

g\

~

8 Step-function marginal utility

= (inside goods)

e

< | U _

< [0 Constant marginal utility
N—r .

o (outside good)

:| a
0 Kee)

Further consumption is not beneficial once marginal utility falls below the outside-good marginal utility
Consumption is obtained by accumulating segment lengths above this outside-good marginal utility threshold
When cross-interactions are present, consumption is sequentially updated while holding the other alternatives fixed
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Model training: backward pass

The backward pass updates model parameters by backpropagating the gradient of the loss function
e QMIBér—lLN Z%’:l[l:bce (tn t) + ArecLrec(tn th)] + :Rcomplex (QMDC_LN)

Lpce supervises the discrete-choice component by penalizing discrepancies between the choice probabilities 9,
derived from the KT conditions and the observed choice indicator y,,

1 N A
Lpce = _Ezlkgzbﬁlk logpni + (1- Ynk) log(l - pnk)]

L.oc supervises the continuous-choice component by penalizing discrepancies between the observed and predicted
continuous consumption levels

K *
_ Zk=2 Ynk (tnk B tnk)z
Lrec = K
Zk=2 Ynk

Romplex controls model complexity by regularizing LN curvature and the Hessian

We use a pseudo-likelihood for training because the full likelihood requires intractable integration and Jacobian
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Model training: backward pass

 We decouple the forward pass from differentiation in the backward pass to bypass its non-differentiability
A gradient-ascent update is used as a surrogate fixed-point operator for the backward pass

(n) (n)
Gy (t,) = max {0, ty +1n (aUgik ) _ aU{gi ))} n: step size
1

* Implicit differentiation (Bai et al., 2019) treats the fixed-point solution as an implicit function of the model
parameters
* This allows gradients to be computed without tracing intermediate optimization steps

t0)—— G —— (L — G - t(n=1) —— G ——t* = t(

Bai, S., Kolter, J. Z., & Koltun, V. (2019). Deep equilibrium models. Advances in neural information processing systems, 32.
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Results: Predictive performance

We compare the discrete-choice error (Brier score) and continuous-choice error (RMSE) across MDC models

MDC-LN achieves predictive performance comparable to the unconstrained MDC-MLP benchmark

Activity
Work

School

Shopping

Private

business

Leisure

Model
MDCEV
MDC-LN
MDC-MLP
MDCEV
MDC-LN
MDC-MLP
MDCEV
MDC-LN
MDC-MLP
MDCEV
MDC-LN
MDC-MLP
MDCEV
MDC-LN
MDC-MLP

True eng. rate

66.0%

5.0%

10.6%

14.2%

15.4%

Predicted
63.6%
66.4%
66.5%
4.6%
5.2%
5.2%
7.8%
10.7%
10.5%
10.9%
16.5%
14.7%
11.3%
16.1%
15.7%

Brier score
0.0267
0.0237
0.0242
0.0085
0.0078
0.0081
0.0875
0.0726
0.0732
0.1099
0.0968
0.0970
0.1221
0.1122
0.1109

RMSE
2.76
2.88
2.67
3.74
3.56
3.91
1.72
1.52
1.57
3.70
3.48
3.48
2.83
2.73
2.75
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Results: Interpretability

* We estimated the underlying utility functions from Seoul activity time-use data
* MDC-LN flexibly learns utility functions subject to shape constraints (i.e., monotonicity and concavity)
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Results: Computational burden

Activity time-use prediction for 11,446 individuals: 7,154s (eMDC; Palma and Hess, 2022) — 159s (MDC-LN)

MDC-LN substantially reduces prediction time by exploiting its structural properties

Conclusions

Theory-constrained data-driven MDC models improve the predictive performance and computational efficiency
of MDC models.

MDC-LN achieves predictive performance comparable to the unconstrained benchmark while preserving
economic shape constraints.

The structural properties of MDC-LN alleviate the computational bottlenecks of conventional MDCEV models.

Palma, D., & Hess, S. (2022). Extending the Multiple Discrete Continuous (MDC) modelling framework to consider complementarity, substitution, and an unobserved 49
budget. Transportation Research Part B: Methodological, 161, 13-35.
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   𝜙 k


  x


   g k


   d  k m


   𝜽  M D C L N


   𝒕 ∗


  𝒕


   𝒕 ∗


   𝜽  M D C L N


  L a g r  ( t ) =  𝜙 1  ( x )  t 1 +   ∑  k = 2 K   𝜙 k  ( x )  g k  (  t k ) +   ∑  k = 2 K    ∑     m < k   m ≠ 1   d  k m (  t k ,  t m ) + 𝜆  ( T −   ∑  k = 2 K   t k )


    𝜕 L a g r  𝜕  t 1 = 0 :  𝜙 1 − 𝜆 = 0


    𝜕 L a g r  𝜕  t k ≤ 0 :  𝜙 k  g k ′  (  t k ) +   ∑  k = 2 K    ∑     m < k   m ≠ 1      𝜕 d  k m  𝜕  t k  (  t k ,  t m ) − 𝜆 ≤ 0


   𝜙 k


   𝜙 k  ( x ) =  exp ⁡   (  h  𝜙 , k  ( x ;  𝜃 𝜙  M L P ) +  𝜀 k ) ,          𝜀 k ~ N ( 0 , 1 )


  k


   Pr ⁡   (   t k ∗ > 0 ∣   t  − k ∗ ) = Φ  (  h  𝜙 , k  ( x ;  𝜃 𝜙  M L P ) +  log ⁡   g k ′  ( 0 ) −  log ⁡  (  𝜙 1 −   ∑  k = 2 K    ∑     m < k   m ≠ 1      𝜕 d  k m  𝜕  t k  ( 0 ,  t m ∗ ) ) )


    𝜕 U  𝜕  t k  ( 𝒙 , 𝒕 ;  𝜽  M D C L N )


   𝒕 ∗


    𝜕 U  𝜕  t k = 𝜆


   arg ⁡     min   𝜃  M D C − L N ⁡    ∑  n = 1 N   [  ℒ bce  (  t n ,  t n ∗ ) +  𝜆 rec  ℒ rec  (  t n ,  t n ∗ ) ] +  ℛ complex (  𝜃  M D C − L N )


   ℒ bce


     p ^  n k


   y  n k


   ℒ bce = −  1  K − 1   ∑  k = 2 K   [  y  n k  log ⁡     p ^  n k +  ( 1 −  y  n k )  log ⁡   ( 1 −    p ^  n k ) ]


   ℒ rec


   ℒ rec =     ∑  k = 2 K   y  n k    (  t  n k −  t  n k ∗ ) 2    ∑  k = 2 K   y  n k


   R complex


   G k  (  t k ) =  max ⁡   { 0 ,    t k + 𝜂  (   𝜕 U  (  t   ( n ) )  𝜕  t k −   𝜕 U  (  t   ( n ) )  𝜕  t 1 ) } ,


  𝜂

