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Agent-based simulation models
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W. Axhausen, Horni, and Nagel, 2016.
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Figure: Agent-based transport
simulation (credit: lle-de-France
scenario, MatSIM?)
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Agent-based simulation models

= Mobility analysis
= Traffic estimation

= Demand-Responsive

Synthetic
y . Transport simulation
Population
with activity = PT project evaluation
chains = Policy evaluation

Figure: Agent-based transport — Greenhouse Gas

simulation (credit: lle-de-France Emissions forecasts
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Agent-based simulation models

= Mobility analysis

== Future Traffic estimation

= Future
Synthetic Demand-Responsive
Population Transport simulation
with activity = Future PT project
chains evaluation

= Future Policy evaluation

Figure: Agent-based transport
simulation (credit: lle-de-France = Future Greenhouse Gas

scenario, MatSIM?) Emissions forecasts

W. Axhausen, Horni, and Nagel, 2016.
".’< Université
~" Gustave Eiffel
2026/06/11 Vianey Darsel Mitigating the Temporal Deterioration of Synthetic Populations 4/23



n Network Conclusions References
00000 [e]e]e} o]

Need for Forecasted Synthetic Populations
08000000

Agent-based simulation models in the Future

= Mobility analysis

== Future Traffic estimation

= Future
Synthetic Demand—Rgspongve
Population } Transport simulation
with activity = Future PT project
chains evaluation

= Future Policy evaluation
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Agent-based simulation models in the Future

= Mobility analysis

== Future Traffic estimation

= Future
Future(?) Demand-Responsive
Synthetic Transport simulation
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) = Future Policy evaluation
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Initial Problematic

Is a static synthetic population adequate for future scenarios
simulations ?
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Comparing static model with evolving model

Static model

Population subset at year y

Generative Model

Synthetic Population at year y Synthetic Population at year y + ¢

evaluation

Population at year y + t

Mitigating the Temporal Deterioration of Synthetic Populations

6/23

)s(

References
o

Université
Gustave Eiffel



Need for Forecasted Synthetic Populations Projective Bayesian Network Conclusions References
00008000 0000000000000000 000 o

Comparing static model with evolving model

Static model Time-consistent model

Population subset at year y Population subset at year y + ¢

v
Generative Model Generative Model
v
Synthetic Population at year y Synthetic Population at year y + ¢ Synthetic Population at year y + ¢
evaluation evaluation

Population at year y + ¢ Population at yeary + t
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Experimental framework
= Data: French Census data from 2016 to 2021, with individuals described by 5 to 13
variables
= Training: Subset composed of 0.03% or 1% of the total population
= Evaluation: Total population
— Model: Bayesian Network (best model for this level of complexity?)
= Evaluation Design:
= Distribution: statistical matching between the generated population and the true
population evaluated on marginals, but also on the multivariate distributions
(bivariate and trivariate distributions) — Metric: SRMSE
= Realism: ensure that all individuals are plausible — Metric: SSCIOD
2Darsel, Come, and Oukhellou, 2025. ~ Université
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Deterioration of a static synthetic population over time

The synthetic population needs to be adapted to still be
representative of the population
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4 different approaches to project population
= Static Projection

= Dynamic Projection

= Resampling

= Hybrid Method
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4 different approaches to project population

= Static Projection

Population subset at year y

Known
or forecast

statistics on year
y+t

Impose marginals or distribution priors on
the available dataset

Notable work:Lomax and Smith (2017)
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4 different approaches to project population

> update at the individual-l

Population subset at year y

Generative Model
[Symhelic Population at year y }—)‘ Synthetic P;T'fm" atyear '—}

Notable work: Fatmi and Habib (2017)

= Dynamic Projection

atyear
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4 different approaches to project population

Duplicate or delete individuals from the
R — pl

Population subset at year y population to fit known statistics

Generative Model

= Resampling

Synthetic Population at year

Synthetic Population at year y

y+t

Notable work: Prédhumeau and Manley (2023)
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4 different approaches to project population

Mixture between different projections methods
depending on data availability (usually Dynamic
Projection and Resampling)

Notable work: Kukic, Benchelabi, and Bierlaire (2023)

= Hybrid Method
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1. Temporal Dimension

Current State:

Single year data

Static snapshot, misses
macro/micro evolutions.
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2. Model Independence

Current State:
Expert-knowledge or
unknown data dependency
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Literature Limitations & Proposed Shifts

1. Temporal Dimension

Current State: Our Approach: Multi-year dataset

Single year data - Catch statistical evolutions at different levels:
Static snapshot, misses

— Explore trends on marginals
macro/micro evolutions.

— Explore trends on attribute correlations

2. Model Independence

Current State:
Expert-knowledge or
unknown data dependency
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Literature Limitations & Proposed Shifts

1. Temporal Dimension

Current State: Our Approach: Multi-year dataset
Single year data Catch statistical evolutions at different levels:
Static snapshot, misses — Explore trends on marginals

macro/micro evolutions. . .
/ — Explore trends on attribute correlations

| r

2. Model Independence

Current State: Our Approach: Data-driven model

Expert-knowledge or = Self-sufficient architecture:

unknown data dependency — Universal model (no expert priors
required)

— Eliminates manual calibration bias
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New Architecture
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parameters
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Generative Model
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Synthetic Population at year
y+t

Figure: Data-driven Static Projection
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Projective Bayesian Network (principle)

Attribute A
Attribute BAlmbule 9
Attribute D

Directed Acyclic Graph

Figure: Classic Bayesian Network
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Projective Bayesian Network (principle)
Attribute A A A, Ay

O ACy1s | ACy | AC3
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I Conditional Probabilistic Tables

Attribute D

Directed Acyclic Graph

Figure: Classic Bayesian Network
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Projective Bayesian Network (principle)
Attribute A A Ay Ay

Cy AC11e | ACyye | AC3),

Cy ACi2¢ | ACapp | AC32:

Cs ACy3¢ | ACy3¢ | AC3s¢

Attribute D

Time Dependant Conditional
Probabilistic Tables

Static Directed Acyclic Graph

Figure: Our model (Projective Bayesian Network)
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Projective Bayesian Network (principle)

Attribute A
ribute 4 A, Ay

&« AC1e | ACaye | AC3),

C: AC; AC: AC:
Attribute B 2 1.2t 22t 32t

Cy AC13¢ | ACaye | AC33

Time Dependant Conditional
Probabilistic Tables

Attribute D
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another changes over time

Figure: Our model (Projective Bayesian Network)
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Training a Bayesian Network

CcPTy|
DAGy |
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Training Projective Bayesian Network

DAG Ym DAG Ym DAG Ym DAG Y
CPTy1| CPTy2 | CPT Y |
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Training Projective Bayesian Network
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Pro ection of the CPTS
(Regression)
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Regression for one Conditional Probabilistic Table

Attribute A A A A
1 2 3

S E— N O] ACyy | ACyyy | AC3y,

AC AC: AC.
- - - =
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Static Directed Acyclic Graph
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Regression for one Conditional Probabilistic Table

For each table, we need to determine the accurate trend and temporal effect to avoid
overfitting.
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Regression for one Conditional Probabilistic Table

For each table, we need to determine the accurate trend and temporal effect to avoid
overfitting.

Two hyperparameters to fit for each table:
= Select the degree of the polynomial degree n € {0,1}
= Select the discount factor a € [0,1]

m

Lon(r) =Y (1= ) (r(t) = €)% € Ro[X] )

t=1

where ¢; ; is the i-th coefficient for year t
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Hyperparameter selection

Training data

Target year

Test
Time horizon
—t—t—t—t—t+—+—t—+—F—+—+—+—F+—+—+—+> veary
/ Available data
first training year last year available target yeary;
for prediction Y1, = validation year ¥,

Figure: Walk-Forward Sliding Window validation for hyperparameters selection

— Evaluation via the joint distribution
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Hyperparameter selection

Training data
Validation —0
Target year
Test
Time horizon O Hyperparameter selection
—t—t—+—F—F+—+—F+—+—F+—F+—+—+—F+—+—+—+> yeary
/ \A\/ai\ah\e(lata \ ]
first year first training year last training year  last year available target yeary;

available Y1 for prediction Yi, for validation ¥;, = validation year ¥,,,

Figure: Walk-Forward Sliding Window validation for hyperparameters selection

— Evaluation via the joint distribution
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Model tuning for better alignment
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Parameter projection
model (IPF)
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Projective lterative
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Figure: Temporal Marginal Alignment Model
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Model tuning for better alignment

Alignment bloc

YVy

Projected Bayesian Intermediate
Network population

Final

Alignment bloc -
population

Figure: Final model combining alignment blocs and Projective Bayesian Network
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Model tuning for better alignment
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Figure: Final model combining alignment blocs and Projective Bayesian Network
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Experimental framework

= Data: French Census data from 2007 to 2021, with individuals described by 5 to 13
variables

= Training: Subset composed of 0.03% or 1% of the total population from 2007 to
2020 (different time horizons)
— Evaluation: Total population from 2021

= Evaluation Design:
= Distribution: statistical matching between the generated population and the true
population evaluated on marginals, but also on the multivariate distributions
(bivariate and trivariate distributions) — Metric: SRMSE
— Realism: ensure that all individuals are plausible — Metric: SSCIOD

== References: Methods from the literature
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Preliminary Results
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Conclusions

= A synthetic population becomes quickly outdated
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Conclusions

= A synthetic population becomes quickly outdated

= We provide a model that learns multi-year of data to grab trends on this evolving
population, and provide a more accurate population
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Conclusions

= A synthetic population becomes quickly outdated

= We provide a model that learns multi-year of data to grab trends on this evolving
population, and provide a more accurate population

= Specially, our model performs well in low data cases
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Limitations & Perspectives

= Limited to short-term prediction
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Limitations & Perspectives

= Limited to short-term prediction

= Attributes limitation of Bayesian Networks
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Limitations & Perspectives

= Limited to short-term prediction

= Attributes limitation of Bayesian Networks

== Analysis evolving relationships
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Impact of the alignment bloc before the Bayesian Network
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Figure: Results at 0.03%
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Impact of the alignment bloc after the Bayesian Network
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Impact of the Projective Bayesian Network (vs Static Bayesian
Network)
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