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[2] BEEERIRDIEHEBEE (1920-60LE)
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The Sveriges Riksbank
Prize in Economic Sciences
in Memory of Alfred Nobel
2000

i

Daniel L. McFadden

Prize share: 1/2

James ). Heckman
Prize share: 1/2

The Sveriges Riksbank Prize in Economic Sciences in Memory of
Alfred Nobel 2000 was divided equally between James ). Heckman
"for his development of theory and methods for analyzing selective
samples” and Daniel L. McFadden "for his development of theory and
methods for analyzing discrete choice".

If the random vector (£(i, a));.; has a joint cumulative distribution function
F, and we write Z = {1, ..., I'}, the right-hand side of equation (7) can be written
as an integral in the i’th partial derivative, F;, of F:

P(ila,T) = / xI",[x +v(i,a) —v(1,a), ...,z + v(i,a) —v(l,a)lde. (8)

In particular, if the random variables £(i, a) are independently distributed with
cumulative distribution function exp(e ?*'] for ¢ > 0 (the Gumbel, or type-I,
extreme-value distribution), their joint distribution F' becomes:

F(z1,..,21) = exp [—Ee ‘”’] : (9)

JET

and the choice probabilities in equation (7) reduce to the analytically convenient
logit form:

expov(i,a)

Pilad) = cpovia) °

(10)
The parameter o > 0 is inversely proportional to the standard deviation of the
random utility terms £(i,a). In the limit as ¢ — o0, the choice probabilities
P(i | a,T) in (10) assign all probability mass to the alternatives with maximum
“representative” utility v(¢,a) — and we obtain the traditional microeconomic
model of fully deterministic utility maximization.
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v MXL (mixed logit) ICXBGEVIRETET ILDIELL (Error Component)
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Choice modelling in the age of machine learning
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Discussion paper

Year Journal Application area ML model
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<2017 !
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2017 /
/ Other (35%)
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4
9
.
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TR-C (36%) KNN (7%)
Programming language Data Methodological Benchmark model
objective
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Matlab (20%) - (18%) 6 .
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\ MR (11%)
| ‘l Compare (47%)
’,’ Beyond (53%) | |
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Choice modelling in the age of Al

. HFEEEDOHEAESDLENSEFRETIL (theory driven) & #HEZEET
)L (data driven) ZRi& L7 7O0—F GRETENETIL) THEMW - 5

A - SoiEREDM L2 BIET
A. NN represents the systematic utility

Wang et al. (2021)

a weighted mixture

Vai = (1 =8) Vr i+ 8 Vpun,

Model What NN(-) represents Utility What is preserved
Classical MNL no network Vai = B xni everything, by assumption
F-DNN the entire utility Vo = NN (xy, 2,) No explicit behavioral restrictions
ASU-DNN ' . i V.; = NN;(x,i, 2,)
Wang et al. (2020) alternative-specific utility ni i\tnirn A
L-MNL - . Vi = BTxX, + NNy(x) linearity on x*, so WTP for those
Sifinger et al. (2020) | 2 Utility residual > = e attributes
TB-ResNet Nothing guaranteed; § measures

the distance from the DCM

GAUNet
Nishi & Hara (2026)

attribute-level utility shape

Vai = ASG; + ZkNNu: (xnix)

additivity; the shape of each
attribute's effect

DNN + gradient regularization
Feng et al. (2024)

the entire utility

Vo = NN(xp,z,) + Gradient
penalty during training

monotonicity in designated
attributes as a soft penalty

DCM-LN
Kim & Bansal (2024)

constrained nonlinear
utility

i = NN(H!O)IO (xn[)

monotonicity in designated
attributes, as a hard constraint
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INTERPRETABILITY OF MACHINE-LEARNING BASED

TRAVEL BEHAVIOUR MODELS USING XAl v Sifringer et al. DL-MNL % &
v BEEFE (MNL) £DEHFVWEEA ke
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Networks reflecting elasticity

»Considering elasticity by changing the model structure like MNL DepartureTime
[ i
» Sifringer, Brian, Virginie Lurkin, and Alexandre Alahi. "Enhancing discrete choice models with ArrivalTime E—
. ; s : Time_waik |
representationlearning." Transportation Research Part B: Methodological 140 (2020):236-261. Time_car |
Time_train |
. distance I
S ‘ Ptraln ‘/’-] = V[]]WNL + VJVN 'I‘"\meibuS_
t Time_bike [N
EaCh W Pb origin_keikizone [N
. b us Destination_Keikizone |l

Travel time v ‘ Accuracy 0.854 cost s Il
c Cost_train [l
Cost_car [ll
W . Fear Wirain = 0.876 stayTime :

motorcycle L Gender -

2 Wear = 0.635 nge fl it

] estinationFacili . bicycle
Features ‘ Pblcycle WmCyCle - 0.277 ’ EfourtOfNurv’w:J::: = :::storcycl
Wbicycle = _0.104 0.0 0.1 0.2 0.3 0.4 0.5 0.6

—r SHAP value
‘ Pt Wz 0.927
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Interpre-
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Accuracy

Logicality

RETT

DCM(MNL) - EMENR
: +
generic | specified c
\ ) e

* Feature parameters
+ Sensitivity analysis
+ Elasticity

* Probability transition

Acc 0.761 0.817
» Slow compute speed

7 O\

L)

S

« Utility Function

Feature Importance
Sensitivity analysis
(Nonlinear)

Group heterogeneity

Feature contribution

Overall and individual

parameters
{‘k\\’?

Acc 0.945
High computation speed

A

Minimize loss function

HET /LSBT RIFGR R & BRIt ZBR
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Feature Importance

Sensitivity analysis
(Linear)

Group heterogeneity

Feature contribution

Overall and individual

parameters

.j‘m;"\

@),
N

N’

Acc 0.854
High computation speed

A

Minimize loss function

HE (Kim and Bansal, Feng et al.)
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Vision
Computer Science > Machine Learning r -
[Submitted on 27 Mar 2018 (v1), last revised 9 May 2018 (this version, v4)] L \ i % Z._ C L \ é :E) G) J % Jj: %TE
World Models Memory
David Ha, Jirgen Schmidhuber 1—_[7!:) :kE_ %’) 7'_-,\ % % J
L._ (& J IR

We explore building generative neural network models of popular reinforcement learning environments. Our world

model can be trained quickly in an unsupervised manner to learn a compressed spatial and temporal representation CO ntrOI Ie r

of the environment. By using features extracted from the world model as inputs to an agent, we can train a very I— N —

~
compact and simple policy that can solve the required task. We can even train our agent entirely inside of its own {E_I- % a % b\J % /;%/:E

hallucinated dream generated by its world model, and transfer this policy back into the actual environment.

An interactive version of this paper is available at this https URL
r environment —
| action

At each time step, our agent
recanes an observation from
the envircrment,
i

Viorld Model 1
S . VAE (V)
Tha Vision Model (V) encoces the { \ —
high-dimenzional abservation irta \ Vv VooV v
a law-dimensional latert vector. \ f z
~z ; lz —'[1 observation
[ —— £ [ - \ )
The Memory RNN (M) integrates { { ! \ node S
Bl BV e R e e L wor MDN-RNN (M)
representation that can predict | ) I L ) )
fulure states. 1 & \ R
‘L action
\ h h h J
Asmall co«mlb:r (C) uses the v - .
s hons both N\ \. & ol ~ . . T .
Vone ;ﬁZS,CKZ,TMZ;w, z ’£| z ’L‘ 2 C Figure 8. Flow diagram of our Agent model. The raw observation
is first processed by V at each time step ¢ to produce z:. The input
T e o e * * “ into C is this latent vector z¢ concatenated with M’s hidden state
v v )

h: at each time step. C will then output an action vector a: for
motor control, and will affect the environment. M will then take
the current z: and action a¢ as an input to update its own hidden
state to produce ht+1 to be used at time £ + 1.

Figure 4. Our agent consists of three components that work closely
together: Vision (V), Memory (M), and Controller (C)
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