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Abstract

Urban mobility digital twins are revolutionizing how cities manage increasingly complex
transportation systems, enabling real-time optimization across multiple stakeholders, ser-
vices, and dynamic operations. Central to these digital twins is the origin-destination (OD)
calibration problem—estimating travel demand patterns that produce realistic traffic sim-
ulations matching observed conditions. However, existing calibration methods face critical
limitations: they require a prohibitively large number of expensive simulation runs and
struggle with high-dimensional city-scale networks. To mitigate these issues, we introduce
ControlVAE, a novel physics-informed neural network approach for sample-efficient OD cal-
ibration. Our method leverages traffic flow patterns, embedded in an auxiliary differentiable
physics model, to directly calibrate an interpretable neural representation of the OD matrix
from observed data. Specifically, we develop a conditional variational autoencoder frame-
work with a controllable cross-attention mechanism that incorporates this traffic simulation
model via differentiable physics knowledge. Our experiments on realistic high-dimensional
traffic networks, including the Munich network with 5,329 OD pairs, demonstrate supe-
rior sample efficiency, requiring 75% fewer simulation evaluations than standard baselines
like SPSA. In addition, ControlVAE reduces the Normalized Root Mean Squared Error
(RMSN) by up to 40% compared to traditional transportation approaches, confirming that
the physics-informed deep learning formulation provides a practical advantage over existing
OD calibration methods.

1 Introduction

In the face of increasingly complex urban mobility systems, realistic traffic simulations have become essential
for effective transportation planning and operations. Cities worldwide are now developing digital twins to
navigate a landscape of diverse stakeholders, a multitude of interacting services (from public transit to
on-demand ride-sharing), and dynamic operations like surge pricing and traffic-responsive signals. These
simulators are critical tools for transportation agencies, enabling them to evaluate infrastructure projects,
test new autonomous vehicle policies, and optimize overall system performance. However, for a digital twin
to be credible, it requires frequent recalibration as new data becomes available and network configurations
evolve. The primary calibration challenge is origin-destination (OD) demand estimation (Qurashi et al.,
2022), the task of identifying the underlying travel patterns that replicate observed traffic conditions. As
shown in Figure 1, OD calibration aims to estimate the OD matrix1 disreibution that produces simulated
traffic flows matching field data. The accuracy of this matrix is paramount, as it serves as the foundational
input that governs all mobility patterns within the simulation, directly impacting the digital twin’s reliability.

The origin-destination (OD) calibration problem is a simulation-based statistical inference task (Cranmer
et al., 2020; Griesemer et al., 2024b) aimed at estimating input OD matrices that reproduce observed
traffic conditions. This process faces several challenges, including high computational costs from large-scale
simulations (Patterson et al., 2011) and high-dimensional parameter spaces in modern digital twins (Choi
et al., 2024). Furthermore, the problem is often underdetermined, meaning multiple OD solutions can

1An OD matrix tabulates trip volumes between origin-destination zone pairs across the transportation network.
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adequately explain the observed data. While general-purpose simulation-based optimization (SO) algorithms
are a common approach (Spall, 2005), they lack sample efficiency, require a large number of simulation runs
to achieve reasonable performance (Tympakianaki, 2018).

Traffic simulators like SUMO (Krajzewicz et al., 2002) are computationally expensive and non-differentiable,
with intractable likelihood functions that make traditional calibration approaches resource-intensive. While
generative models have seen limited application to OD calibration (Mladenov et al., 2022), approaches like
ariational Autoencoders (VAEs) (Kingma et al., 2019), Generative Adversarial Networks (GANs) (Goodfel-
low et al., 2020), and diffusion models (Ho et al., 2020) have demonstrated sample efficiency gains in related
domains (Isola et al., 2017). Unlike diffusion models’ dependency on large datasets and Gaussian assump-
tions, or GANs’ susceptibility to mode collapse and training instability, VAEs offer distinct advantages for
OD estimation: stable training in data-scarce scenarios, efficient computing of high-dimensional distribu-
tions, and an explicit encoding-decoding structure that can naturally accommodate physical constraints.
Given the acknowledged lack of efficient simulation-based optimization algorithms (Tympakianaki, 2018),
we bridge data-driven and physics-driven approaches (Takeishi & Kalousis, 2021) by incorporating traffic
flow dynamics directly into the VAE latent space, reducing dependency on expensive simulator evaluations
while maintaining physical realism.
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Fig. 3. Network demand (6 am to 10 am).

Fig. 4. Used Munich Network overview.

taken as true outputs. Two coefficients of reduction (Red) and randomization (Rand) are used for perturbation. Different values of
these two coefficients are used to create different types of true demands as in reality. The demand scenario generation is specifically
expressed as:

xc = (Red + Rand ù �) ù xp1 (18)

where � is the random perturbation vector following Gaussian distribution. In this case study, we apply Red = 0.7 and Rand = 0.15
(i.e., xc = (0.7 + 0.15�) ù xp1 ), and � Ì N(0, 0.333) (99.7% of values located in [*1, 1]), resulting in the demand distribution shown
in Fig. 3 (aggregated into one hour for easy illustration).

3.1.3. PC-SPSA algorithm settings
Recall Eq. (17), we need to update the gains for perturbation (ck) and minimization (ak) to control the step size and convergence

at each step. In all following experiments, A, ↵ and � are set to be 25, 0.3 and 0.15, respectively. For the experiments within this
section, c and a are set to be 0.15 and 1, respectively. Note that, c and � control the perturbation percentage of the PC-scores. For
example, at the first step, the PC-scores are perturbed with ±(15%). On the other hand, a, A and ↵ control the actual moving step
in the searching space. All historical data-set generation methods introduced in Section 2.2 are applied for comparison, for which
Rod, Rt, and Rd are set as 0.3, 0.4 and 1, respectively, while the Gaussian distributions N od , N t, and N d are generated using
Ì N(0, 0.333) setting. The demand of 100 historical days is thus generated. Furthermore, to reserve enough variance contained in
the historical data-set for tracking the patterns and achieve the goal for dimension reduction at the same time, the number of PCs
expressing 95% of the total variance are used.

3.1.4. Goodness of fit
Given that PC-SPSA is a non-assignment matrix based algorithm it requires the DTA model simulation to map the OD matrix into

measurable traffic measurements, such as vehicle counts recorded by detectors. These generated traffic counts are then compared

Traffic Flow, $ 
Transportation Research Part C 136 (2022) 103504

10

M. Qurashi et al.

Fig. 3. Network demand (6 am to 10 am).

Fig. 4. Used Munich Network overview.

taken as true outputs. Two coefficients of reduction (Red) and randomization (Rand) are used for perturbation. Different values of
these two coefficients are used to create different types of true demands as in reality. The demand scenario generation is specifically
expressed as:

xc = (Red + Rand ù �) ù xp1 (18)

where � is the random perturbation vector following Gaussian distribution. In this case study, we apply Red = 0.7 and Rand = 0.15
(i.e., xc = (0.7 + 0.15�) ù xp1 ), and � Ì N(0, 0.333) (99.7% of values located in [*1, 1]), resulting in the demand distribution shown
in Fig. 3 (aggregated into one hour for easy illustration).

3.1.3. PC-SPSA algorithm settings
Recall Eq. (17), we need to update the gains for perturbation (ck) and minimization (ak) to control the step size and convergence

at each step. In all following experiments, A, ↵ and � are set to be 25, 0.3 and 0.15, respectively. For the experiments within this
section, c and a are set to be 0.15 and 1, respectively. Note that, c and � control the perturbation percentage of the PC-scores. For
example, at the first step, the PC-scores are perturbed with ±(15%). On the other hand, a, A and ↵ control the actual moving step
in the searching space. All historical data-set generation methods introduced in Section 2.2 are applied for comparison, for which
Rod, Rt, and Rd are set as 0.3, 0.4 and 1, respectively, while the Gaussian distributions N od , N t, and N d are generated using
Ì N(0, 0.333) setting. The demand of 100 historical days is thus generated. Furthermore, to reserve enough variance contained in
the historical data-set for tracking the patterns and achieve the goal for dimension reduction at the same time, the number of PCs
expressing 95% of the total variance are used.

3.1.4. Goodness of fit
Given that PC-SPSA is a non-assignment matrix based algorithm it requires the DTA model simulation to map the OD matrix into

measurable traffic measurements, such as vehicle counts recorded by detectors. These generated traffic counts are then compared

(a.) Workflow of the one time simulator run.

(b.) Origin-destination calibration: identify a desired OD matrix

Figure 1: OD calibration: for a given traffic flow (Y ), OD cali-
bration aims to identify the desired OD matrix (D) distribution
that can yield such an observation via a simulator (S).

In this paper, we first adopt a Bayesian
formulation of the OD calibration prob-
lem using a simulation-based framework
to train a density estimation model. Af-
ter that, our proposed method, Con-
trolVAE, yields a probability distribu-
tion of OD demands, and we leverage the
encoder-decoder VAE architecture as our
base generative model. We additionally
integrate information from an auxiliary
physics traffic model (Arora et al., 2021)
into VAE’s latent space, giving rise to the
proposed physics-aware neural pipeline
for the OD calibration task. The physics
traffic model takes into account both the
potential demand for the OD pair as-
sociated with the route2 and the likeli-
hood that travelers will choose that spe-
cific route over other available options. It

provides a simplified but computationally efficient description of the mapping of ODs to traffic performance
metrics, such as vehicular flows and speeds. The incorporation of physical knowledge is controlled, allowing
direct utilization of physical biases during training when sufficient information exists in the representation
space, eliminating the need for additional simulation runs. Then, the cross-attention mechanism is intro-
duced to discover cross-model interactions and fuse complementary information by adapting the traffic flow’s
modality to the OD pairs’ modality. This provides a flexible way to incorporate different types of knowledge
into the OD calibration process.

In summary, our contributions are three-fold:

• We develop ControlVAE, a novel physics-aware generative framework that reformulates realistic,
high-dimensional OD calibration as a Bayesian inference problem. Unlike existing point-estimation
methods, our approach learns a posterior distribution over OD matrices by injecting physics con-
straints into VAE, enabling uncertainty quantification and multiple plausible solutions for underde-
termined calibration tasks.

2A route is a specific path that connects the starting point to the endpoint. For example, given an OD pair (A to B), a
route is represented by the sequence of nodes that a traveler would pass through.

2



Under review as submission to TMLR

Encoder
𝜙

Decoder
𝜓

Analytical
Equation

𝑧
Cross

Attention
Layer

𝑧~𝑞!(𝑧|𝑑, 𝑦)

𝑑"#$% ~𝑝& (𝑑|𝑧, 𝑦)
Cross

Attention
Layer

Simulator

𝒚 = 𝜶𝒚𝑨𝒏𝒂 + (𝟏 − 𝜶)𝒚𝑺

Control Parameter 
𝛼

Controllable Physics-Aware Condition

Traffic Flow
𝑦!

Physics info
𝑦"#$

dynamics, they serve as cheap guidance that can reduce erratic behavior during the training stage and164

improve robustness [44]. Below we introduce how to combine distinguished physical information165

with trainable components of the CVAE via a cross-attention mechanism.166

4.2 Physics analytical model167

In this work, we seek to encode such physics laws that approximate the mapping between the OD168

matrix and expected link flows. Developing such a physics model is especially challenging for169

calibration problems because it requires formulating an analytical approximation that maps the170

decision variables (e.g., OD matrix) to the simulation-based performance measures (e.g., link flows).171

The proposed physics model explains how alterations in demand can affect the selection of routes and,172

consequently, influence the geographical dispersion of traffic congestion across the traffic network.173

In particular, the linear approximation of a simulator S on link i is defined as [3]174

�i =
X

r2R(i)

P (r)d(r), (2)

where R(i) denotes the set of routes that travel through link i. d(r) denotes the OD pair of route r175

and P (r) denotes the probability of choosing route r. The right hand side of Eq. 2 represents the total176

expected demand for link i, which is calculated as the sum of the expected demand for all routes that177

include link i. That is, the expected route demand is the predicted number of travelers who will use a178

particular route based on their travel behavior and preferences. In addition, the choice probability of179

a route r, i.e., P (r) is a multinomial logit model with a utility function that depends on the route’s180

travel time tr, which can be computed as:181

P (r) =
exp(✓tr)P

j2R(r) exp(✓tj)
, (3)

where tj denotes the travel time of a given route j, R(r) denotes the set of routes that share182

the same OD pair as route r, and ✓ is a travel time scalar parameter. Besides, to compensate183

for the error introduced due to the analytical approximation, a general-purpose approximation �184

is usually included. Thus, a parametric linear function of d is defined to approximation �, i.e.,185

�(d;�k) = �k,1 +
P

z2Z �k,z+1dz , where the trainable parameters in such a physics model are186

denoted as �k. After that, this physics model can allow for an analytical description of impacts on the187

traffic network of traffic assignments, and the solution can be differentiable.188

Inspired by the analytical metamodel discussed in the OD calibration literature, we propose to leverage189

the analytical metamodel to improve the data efficiency of the proposed CVAE pipeline. Note that190

the purpose of using this physics model in the generative approach is not to replace the "black-box"191

simulator or to provide a highly accurate approximation of its behavior. Instead, the physics model192

serves as a tool to turn the "black-box" simulator into "grey-box" and provide the optimization193

algorithm with analytical information about the problem-specific structure of the simulation.194

4.3 Controllable Physics-aware Conditional VAE195

Conditional variational autoencoder (CVAE). Variational autoencoder (VAE) consists of an encoder196

and a decoder. The encoder learns hidden representation of data X and captures the distribution197

q�(z|X). The decoder learns to decode the hidden representation to input space and captures the198

distribution p (X|z). A Conditional Variational Autoencoder (CVAE) extends the standard VAE199

framework by conditioning the generative model with auxiliary covariates [40]. It is distinguished200

from the VAE in that it can impose certain conditions in the encoding and decoding processes.201

Specifically, CVAE allows for more control over what kind of data is generated from hidden space z202

by including the condition of the data to produce. Given a data (OD, d) X , the unobserved variable z203

can be treated as the hidden representation of the data X with conditional information y. The encoder204

instead learns the distribution q�(z|X, y) and the decoder learns the distribution p (X|z, y). To205

realize the counterfactual generative ability for the unseen traffic flow ŷ, we leverage the strengths of206

conditional variational inference and introduce the conditional way as follows.207

We adopt the CVAE as our backbone for modeling the posterior distribution of OD matrix d. Traffic208

flows will be used as condition variables. Particularly, given a set of ODs {d̃s} sampled from209

p(d|dprior), we obtain a set of corresponding traffic flows {ỹs}. We then learn a CVAE from the paired210

ODs and flows, i.e., D = {d̃s, ỹs}S
s=1.211
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Figure 2: Overview of ControlVAE, the proposed physics-informed generative model.

• We design a controllable cross-attention mechanism that seamlessly integrates analytical physical-
aware traffic flow equations into the VAE’s latent space. This architecture introduces a learnable
control parameter α that adaptively balances physics-based guidance with data-driven learning,
allowing practitioners to adjust the influence of domain knowledge based on data availability and
quality.

• We achieve significant improvements in sample efficiency, requiring 75% fewer simulation evaluations
than state-of-the-art methods (SPSA, PC-SPSA) while maintaining superior accuracy. On the high-
dimensional Munich network (5,329 OD pairs), ControlVAE improves RMSN by up to 40% compared
to traditional transportation approaches, demonstrating that physics-informed deep learning can
make large-scale OD calibration computationally tractable for real-world applications.

2 Related Work

Previous works primarily approach OD calibration using general-purpose simulation-based optimization (SO)
algorithms such as Simultaneous Perturbation Stochastic Approximation (SPSA) methods (Ben-Akiva et al.,
2012) and genetic algorithms (Vaze et al., 2009). These general-purpose SO algorithms usually require
numerous simulation evaluations, which can be computationally costly. To tackle this issue, recent extensions
of SPSA have been proposed (Cipriani et al., 2011). Metamodels have been considered to reduce the high
demand for function evaluations (Vishnoi et al., 2023). In particular, the meta-model is a low-resolution
traffic network model that provides a compute-efficient approximation of the simulation. More specifically,
we use a model that is formulated as a system of linear equations. Hence it can be solved efficiently for large-
scale networks. It has been successfully formulated for high-dimensional OD calibration problems (Osorio,
2019). Nevertheless, meta-models have not yet been explored in the machine-learning community as an
effective inductive bias. The urban mobility community has recently called for advances in sample-efficient
learning and uncertainty quantification for OD calibration (Choi et al., 2024). While they propose Bayesian
optimization with physics-informed kernels, our approach goes further by integrating physics constraints
directly into a deep generative model architecture, enabling more expressive posterior distributions and
better scalability to high-dimensional problems.

Generative models have gained popularity due to their ability to generate new samples from the training
data distribution (Kingma et al., 2019). By generating new samples from the latent space, these models
can be used to augment existing datasets, which can improve sample efficiency (Saha et al., 2022). They
have a wide range of applications in various fields, such as computer vision (Karras et al., 2019), natural
language processing (Bowman et al., 2015), and medical imaging (Nie et al., 2018). More recently, the
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diffusion probabilistic model (“diffusion model” in short) has become increasingly popular (Sohl-Dickstein
et al., 2015). A diffusion model is a probabilistic model that learns to transform an initial noise distribution
into a data distribution, generating samples that match the characteristics of the training data without a
change of the dimension (Ho et al., 2020). Generative models, given their ability to handle high-dimensional
data, have been widely used in simulation-based inference (Cranmer et al., 2020).

To further improve the accuracy and reliability of generative models, particularly when the data are limited
or noisy, prior knowledge, as inductive bias, is explored and integrated into generative models. For example,
physics knowledge is incorporated into the diffusion models (Shu et al., 2023). Physics knowledge has
been incorporated into generative models widely through the use of physics-based constraints, derived from
physical laws or principles and are used to guide the generation process to produce more physically realistic
samples (Yu et al., 2021). For example, in the field of fluid dynamics, generative models can be constrained
by the Navier-Stokes equations, which govern the behavior of fluids. By incorporating these equations as
constraints, the generative model can produce more realistic simulations of fluid dynamics (Raissi et al.,
2019).

To the best of our knowledge, the power of generative models has rarely been explored for addressing the
challenges associated with OD calibration, such as high-dimensionality and non-convexity. We acknowledge
that the mapping from OD to traffic flows is nonlinear and intricately affected by congestion. In this work,
we propose to utilize a deep generative modeling framework along with physics knowledge injected for OD
calibration. While recent simulation-based inference methods like ASNPE (Griesemer et al., 2024a) improve
sample efficiency through active learning, they still require more than 100 simulator calls per calibration
instance and treat traffic dynamics as a black box.

3 Proposed Method

Background. OD calibration is about figuring out the number of trips between different starting points
(Origins) and destinations (Destinations) in a transportation system (i.e., OD matrix). The goal is to
calibrate the distribution of the OD matrix so that its simulated traffic can accurately represent the real
traffic conditions we see on the roads. For example, consider a study area with 73 zones. The OD matrix
would have 73 rows and 73 columns, with each cell representing trips from an origin zone i to a destination
zone j. The observed traffic count3 data could consist of volume measurements for n road segments or
zone-to-zone pairs of interest. Through OD calibration, the hypothetical OD matrix is refined to generate
simulated traffic volumes that align with these n observed counts.

Overview. As shown in Figure 2, our proposed approach leverages the generative ability of the VAE
and utilizes the underlying physical mechanisms of traffic networks to yield a probability distribution over
possible OD solutions in a simulation-sample efficient manner. Specifically, we introduce the physics traffic
model which comes from the meta-model simulation-based optimization (SO) approach (Arora et al., 2021)
and takes into account both the potential demand for the OD pair and the likelihood for specific routes.
This physics traffic model is seamlessly incorporated into the VAE architecture, offering a synergy between
detailed link interactions and efficient traffic flow decomposition. Subsequently, a cross-attention mechanism
is employed to enhance the model’s ability to capture and merge interactions between traffic flow dynamics
and OD pair distributions.

3.1 Problem Formulation

During a time interval of interest, we consider a single OD matrix d = {dpair}pair∈PA ∈ RZ , where dz
represents the expected travel demand for OD pair and PA is the set of OD pairs. The goal is to match the
simulated network performance to real-world measurements. The performance measures used for comparison
are typically the expected link counts or speeds. Conventionally, this problem is formulated as a simulation-
based optimization problem using a simulator S(·;u), where u is a vector of simulation variables. The

3Traffic count is the quantification of the number of vehicles passing a specific location, typically measured in vehicles per
hour (VPH) or vehicles per day (VPD).
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objective consists of the discrepancy between actual link traffic conditions ŷ and their simulated counterparts
from the simulator, i.e., S (d;u). Please refer to Appendix C for the conventional problem definition and the
difference between OD matrix estimation and OD calibration.

To help quantify underdetermination and enable greater flexibility when choosing OD point estimates, we
formulate the calibration problem under the Bayesian paradigm. Instead of obtaining a single calibrated
point estimate d∗ for an observed traffic flow ŷ, we now seek a posterior p(d|ŷ). During testing, given a new
observation yo, samples d ∼ p(d|yo) are OD matrices likely to have yielded the observation yo under the
likelihood pS(yo|d) implicitly defined by the traffic simulator S. The approximate posterior helps capture
intrinsic uncertainty in the calibration problem, leaves open the possibility of different point estimates, and
can be used downstream as an informative prior.

More formally, we seek the posterior as seen in the standard setup for Bayesian inference:

p(d|y, dprior) = p(y|d)p(d|dprior)
p(y|dprior) = p(y|d)p(d|dprior)∫

p(y|d)p(d|dprior)dd
(1)

where p(d|dprior) defines the prior distribution, conditional on the provided noisy OD dprior, which is typically
estimated by expert knowledge. This achieves parity with existing approaches, where dprior is treated as a
noisy starting point. For the likelihood, we view the traffic simulator S as implicitly defining p(y|d):

p(y|d) =
∫
pS(y, h|d)dh =

∫
pS(y, u|d)du, (2)

i.e., marginalizing over the possible latent representation h in the simulator’s latent space. This integral is
intractable for sufficiently complex simulators, necessitating the use of likelihood-free inference methods. Here
we turn to recent advances in simulation-based inference, where it is common to train a generative model
to directly estimate the posterior (Greenberg et al., 2019; Papamakarios & Murray, 2016; Papamakarios
et al., 2017; Bishop, 1994). In our paper, we propose the use of a conditional VAE capable of handling
relevant external physics knowledge. When these auxiliary physics models match the underlying simulator
dynamics, they serve as cheap guidance that can reduce erratic behavior during the training stage and
improve robustness (Takeishi & Kalousis, 2021). Below we introduce how to combine distinguished physical
information with trainable components of the VAE via a cross-attention mechanism.

3.2 Physics Traffic Model

In this work, we seek to encode physics mechanisms that approximate the mapping between OD matrix and
the simulation-based performance measures (e.g., link flows, λ in this section). The proposed physics traffic
model explains how alterations in demand can affect the selection of routes and, consequently, influence the
geographical dispersion of traffic congestion across the traffic network. In particular, the linear approximation
of a simulator S on link i is defined as (Arora et al., 2021):

λi =
∑

r∈R(i)

P (r)f(r), (3)

where R(i) denotes the set of routes that travel through link i, f(r) denotes the OD pair of route r and
P (r) denotes the probability of choosing route r. The right hand side of Equation (3) represents the total
expected demand for link i, which is calculated as the sum of the expected demand for all routes that include
link i. That is, the expected route demand is the predicted number of travelers who will use a particular
route based on their travel behavior and preferences. In addition, the choice probability of a route r, i.e.,
P (r) is a multinomial logit model with a utility function that depends on the route’s travel time tr, which
can be computed as:

P (r) = exp(θtr)∑
j∈R(r) exp(θtj)

, (4)

where tj denotes the travel time of a given route j, typically from the expert knowledge, R(r) denotes the
set of routes that share the same OD pair as route r, and θ is a travel time scalar parameter. This physics
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traffic model can allow for an analytical description of impacts on the traffic network of traffic assignments,
and the solution can be differentiable. The physics model (Eq. equation 3) is defined as a system of linear
equations. It maps the unknown OD d to the traffic flows λ. The injection of the physics traffic model will
be introduced in the following section.

3.3 Controllable Physics-informed VAE

Conditional variational autoencoder (CVAE). In a Conditional Variational Autoencoder (CVAE),
given OD matrix data d and a condition y, the latent variable z is learned as a representation of d informed
by y. The architecture consists of an encoder, ϕ, which learns to approximate qϕ(z|d, y), and a decoder, ψ,
which aims to reconstruct pψ(d|z, y). Here, we adopt the CVAE as our backbone for modeling the posterior
distribution of OD matrix d. Traffic flows will be used as condition variables. Particularly, we sample a set
of ODs {d̃m}Mm=1 from p(d|dprior), where m indices samples with the total number of samples being M . For
each sampled OD d̃m, we obtain a set of corresponding simulated traffic flows {ỹsm} as well as the physics
information {yAnam }.

Cross-Attention Fusion. The traffic flow and OD pairs are under the same physics mechanisms but have
different modalities. Specifically, the traffic flows are first-order information from the observed environments,
and the OD pairs can be represented by assigning traffic flows to the target OD with a specific probability.
To effectively take those two different inputs into the conditional latent space, cross-attention is considered
for the fusion to learn the relationships between two different modalities (Tsai et al., 2019). For the multi-
head cross-attention (MHCA) with H head, the attention operation of sub-space h ∈ {0, . . . , H − 1} can be
computed as:

Atth (Qh,Kh, Vh) = Softmax
(
QhKh

T

√
dk

)
Vh,

where Qh = WQ
h f(d);Kh = WK

h g(y);Vh = WV
h g(y).

The learnable projection parameters are query weights WQ
h ∈ Rdmodel×dq , key weights WK

h ∈ Rdmodel×dk ,
and value weights WV

h ∈ Rdmodel×dv . d∗ are the dimensions of corresponding variables. f(·) and g(·) denote
the two fully connected layers with trainable parameters for the representation of input d and conditional
information y, respectively.

Controllable Physics Injection. Recall the physics traffic model introduced in the Equation (3), which
can be rewritten as λ = Pd. The matrix P is the probability assignment matrix which maps the OD
demand d to traffic flow λ. The traffic flow given by the physics traffic model is then fed into a fully
connected layer, yAna = l(λ), where l(·) is a fully connected neural network. The outputs of attention
operations are concatenated to capture richer interpretations of inputs and passed through a linear layer
to obtain the approximated latent space z. Note that the surrogate model usually offers a lower degree
of realism compared to the simulator; rigidly imposing its physical constraints would not yield additional
benefits. Instead, this surrogate model excels in its differentiability and its capacity for instant evaluation,
qualities that make it an approximative tool for introducing a computationally efficient inductive bias. This
strategic use of the surrogate model markedly heightens both the sample and computational efficiency of our
framework. In that way, we can enhance the latent features z of the OD pairs by using an attention mask
derived from the other traffic flow modality. The posterior qϕ(z|d, y) is modeled as the Gaussian distribution
N ∼ (µz, diag(σ2

z)).

To strike a balance between physics-based and data-driven models and prevent detrimental effects during
the learning process, we introduce a control parameter α, which is a scalar with a value between 0 and 1. It
controls the importance of the physics traffic model yAna and simulation ys for each OD matrix, i.e.,

y = αyAna + (1 − α)ys. (5)

In practice, we tune the hyperparameter α using a grid search approach to estimate an approximate OD
value. It can also be set by users at inference to adjust the rule strength, with the availability of the
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sample (Seo et al., 2021). Subsequently, the traffic flow data, in conjunction with both physical constraints
as well as information from the simulator, are utilized as keys and values in a cross-attention mechanism
within the VAE for conditioning on the actual origin-destination distribution. This strategic use of the
surrogate model markedly heightens both the sample and computational efficiency of our framework. By
doing so, it considerably diminishes the model’s dependency on voluminous simulation data, often a limiting
factor in such research. The analytical equations serve as the corresponding condition information, which is
pivotal for training our generative model without incurring substantial computational overhead. In essence,
our approach smartly integrates domain knowledge to guide the learning process effectively, thereby achieving
enhanced efficiency and robustness in our solutions.

3.4 Training Objective

In practice, the training objective is comprised of two components. One is the variational lower bound of
CVAE:

LCVAE = −Ez∼qψ(z|d,y)[log pψ(d|y,z)]
+DKL(qϕ(z|d, y)||pψ(z|y)), (6)

where DKL represents the Kullback-Leibler (KL) divergence between two distributions. Optimization over
each of the involved neural networks is performed via amortized variational inference, including the recogni-
tion network qϕ(z|d, y), generation network pψ(d|y,z), and conditional prior network pψ(z|y). The second
component of the training loss is the mean squared error (MSE) between the yAna and the traffic flow ys

generated from the simulator:
LMSE = ||yAna − ys||22. (7)

LMSE is a regularizer designed for aligning the physics information with the simulator’s behavior. Together,
the total loss includes both of these terms as follows: L = LCVAE + γLMSE, where γ is the control weight of
the reconstruction loss, and we found that γ = 0.1 works well across all cases.

During the training process, the CVAE’s generation network pψ(d|y, zy) learns a distribution approximating
the posterior in Equation (1) (the training data are generated according to (y, d) ∼ p(y|d)p(d) ∝ p(d|y)).
During the inference stage, samples can be drawn from this distribution by first sampling zy ∼ pψ(z|y), then
drawing d ∼ pψ(d|y, zy) from the learned generation network. When conditioning on an observed traffic flow
of interest yo, ODs d drawn under this sampling procedure can be viewed as estimates for the calibration
problem that include both assumptions from the prior and information gained from simulation evaluations.

4 Experiments

In the explored experimental settings, our goal is to verify that the developed algorithm is computationally
efficient and can find high-quality solutions within a limited number of simulation runs. In practice, calibra-
tion algorithms operate under tight computational constraints where limited numbers of simulation function
evaluations can be performed. The design of sample-efficient algorithms in this space is thus directly in line
with the needs of practitioners.

4.1 Experiment Settings

We conducted our experiments on the large-scale Munich regional network (Qurashi et al., 2022) and the
widely used Sioux Falls benchmark. The Munich network is a high-dimensional road network with 5,329
origin-destination (OD) pairs, and 507 detector locations are incorporated in this case study. Note that
it is a highly underdetermined system with 5,329 unknowns for each of the time intervals and only 507
traffic measurements. The Sioux Falls network, configured with 9 OD zones and 39 sensors, serves as an
ideal benchmark network for testing OD estimation and calibration methods because it provides a balanced
combination of complexity and manageability. Please refer to Appendix D for detailed information on the
SUMO simulator and Appendix E for our experiment settings on the definition of Set I and Set II.
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Table 1: ControlVAE’s results with the comparison to Transportation Baselines (SPSA, PC-SPSA) and
Neural Baselines (CVAE, CVAE-catt, CVAE-phy) on the normalized root mean squared error (RMSN (%)).

Munich 5-6 Munich 6-7 Munich 7-8 Munich 8-9 Munich 9-10 SiouxFalls

Set I

Original 97.08±1.23 52.20±0.72 36.40±1.63 49.76±0.80 43.92±0.56 30.2±0.78
SPSA 24.67±1.81 24.59±2.41 21.24±1.33 47.06±0.64 18.40±0.44 28.1±0.02

PC-SPSA 15.40±2.71 35.05±0.44 22.64±2.61 28.36±4.66 21.94±0.51 -
CVAE 22.00±1.59 22.98±2.15 19.28±2.81 23.31±2.81 30.56±1.09 26.5±0.01

CVAE-catt 18.45±0.61 22.41±2.00 19.33±1.70 20.96±0.82 16.34±1.17 27.9±0.02
CVAE-phy 21.43±2.85 22.04±2.48 20.78±1.35 23.92±2.37 17.48±1.30 26.8±0.02

ControlVAE 17.40±0.87 22.02±1.45 17.55±1.29 19.89±1.84 16.28±1.22 23.7±0.01

Set II

Original 97.20±1.62 87.52±1.62 101.3±3.15 70.21±0.64 80.70±0.58 40.1±0.53
SPSA 18.00±1.12 43.10±0.24 55.89±2.31 50.04± 0.61 36.13±0.43 30.4±0.07

PC-SPSA 15.03±0.71 35.66±0.42 23.46±3.23 28.79±0.51 22.31±0.51 -
CVAE 46.23±0.91 24.57±1.90 26.28±1.60 27.09±1.69 18.25±0.67 27.1±0.04

CVAE-catt 16.43±0.79 30.72±1.76 18.47±1.75 21.60±1.55 19.42±1.15 27.5±0.03
CVAE-phy 15.73±1.00 22.75±1.71 21.76±3.08 28.63±1.86 17.93±1.04 29.4±0.04

ControlVAE 14.89±0.56 21.74±1.59 18.32±1.83 21.02±1.84 16.38±1.02 22.7±0.02

4.2 Quantitative Results with Baselines

We evaluate the effectiveness of the proposed solution by comparing ControlVAE against state-of-the-art
(SOTA) methods from both transportation and machine learning domains. From the transportation domain,
we compare with Simultaneous Perturbation Stochastic Approximation (SPSA) (Spall, 1992) and its principal
component-based variant, PC-SPSA (Qurashi et al., 2022). SPSA is widely adopted for travel demand
calibration, while PC-SPSA enhances SPSA by reducing the optimization search space to a lower dimension.
These conventional optimization-based methods operate serially without parallel computing capabilities and
do not utilize neural networks, referring to Appendix F. To comprehensively assess our neural approach, we
establish several neural baselines. We first consider the vanilla conditional variational autoencoder (CVAE).
We then evaluate two variants of our approach: 1) CVAE-catt, which incorporates only the cross-attention
module without physics equations, and 2) CVAE-phy, which integrates physics equations directly into CVAE
without the cross-attention module. Given the scarcity of practical models for this problem, these variants
serve both as baselines and as components of our ablation study. Additionally, we report the RMSN between
the traffic flow generated by the perturbed OD demand and the real traffic flow (denoted as “Original”).

Our comprehensive evaluation compares the normalized root mean squared error (RMSN or NRMSE) be-
tween generated OD and ground truth OD. As shown in Table 1, traditional methods exhibit notably larger
RMSN values compared to our proposed approach, highlighting the superior calibration quality of our data-
driven methodology in handling high-dimensional problems. The integration of cross-attention mechanisms
provides stronger conditioning than mere traffic data utilization, effectively addressing the over-flexibility
concerns in generative modeling of latent spaces. Overall, our ControlVAE significantly outperforms both
conventional and neural baseline approaches. These results demonstrate that our novel architecture, which
employs learnable parameters to mediate between physics-informed and data-driven branches, advances the
state-of-the-art in physics-informed machine learning through seamless integration of theoretical physics
knowledge with high-fidelity simulator data.

4.3 Qualitative Results on the Generated Case

Generated OD Distribution. At inference time, when presented with a new OD demand estimation and
traffic count observation, the model employs an attention mechanism to highlight the region of the latent
space corresponding to the true underlying OD demand, enabling the generation of a fitted probability
distribution centered around the ground truth. Figure 3 (a) - (c) and Figure 5 in the Appendix demonstrate
the effectiveness of our model on large-scale datasets to assign high probability to the true OD solution.
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Figure 3: Calibration Distribution and Results on OD demand. For subplot (a) - (c), the blue cluster is the
prior distribution of input OD and the red cluster is the calibrated OD distribution condition on observed
traffic counts. The green dot refers to the real OD that we aim to identify. For subplot (d) - (e), the
orange dots, which are different detector locations, represent the calibrated results (orange dots) given by
ControlVAE. Subplot (f) is the convergence curve with different simulator running times. The legend is
named after the model-time interval; for example, SPSA-78 means the SPSA method with a time interval
from 7 am to 8 am according to the settings in this paper.

Traffic Flow Calibration. We compare the observed and simulated traffic counts for all detector locations
and plot the traffic counts in the pre-calibration data against the average of ten simulation samples from
the OD distribution obtained after calibration using Control VAE in Figure 3 (d) - (e). For all intervals,
the proposed approach identifies solutions that replicate well the true counts (i.e.,the points lie along the
45-degree line). For the morning peak period of 8:00 am-9:00 am, when the traffic counts of the initial OD
are furthest from their true value, the proposed method identifies ODs that yield a great fit to the real data
which holds for all detector locations.

Convergence Speed. We compare the convergence curves for the best RMSN achieved by SPSA, PC-
SPSA, and our proposed ControlVAE method. For fair comparison, we plot the results against the number
of simulator executions rather than wall-clock runtime. For display, SPSA and PC-SPSA are plotted from the
1st iteration, while ControlVAE is plotted from the 10th SUMO run. As shown in Figure 3 (f), ControlVAE
rapidly converges once the target result is obtained using just 10 SUMO runs. Considering the parallelizable
data generation, this demonstrates the data efficiency of ControlVAE. By leveraging both simulation and
analytical models with attention mechanisms, ControlVAE achieves accurate OD matrix calibration with
fewer required simulator evaluations. Please refer to Section G.2 for a detailed analysis on convergence
speed.

Controllability on Physics Awareness. As detailed in the Section G.1, our further analysis of yAna
introduced in Section 3.3 demonstrates how the controllable integration of physical knowledge substantially
reduces simulation computational overhead.

4.4 Extended Model Comparisons

We conduct comprehensive evaluations by comparing our proposed method against the potential improve-
ment of traditional approaches, i.e., CVAE-initiated SPSA and potential complex models, i.e., Transform-
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Table 2: Performance Comparison of Advanced Methods

Time Period CVAE (SPSA init) Transformer Diffusion CountrolVAE
Munich 5-6 15.97 16.71 80.50 14.89
Munich 6-7 25.80 23.58 86.48 21.74
Munich 7-8 29.25 20.21 83.48 18.32
Munich 8-9 21.54 23.32 85.75 21.02
Munich 9-10 19.00 16.48 82.10 16.38

ers (Ramana et al., 2023) and Diffusion models (Jiang et al., 2024) . As shown in Table 2, while CVAE
initialization improves SPSA’s performance, it still falls short of our method. The transformer model shows
competitive results, but diffusion models underperform due to data scarcity, structural limitations in captur-
ing OD relationships, sensitivity to initialization, and inappropriate distribution assumptions. Please refer
to Section G.3 for a detailed performance analysis of the diffusion model. These results demonstrate our
method’s robustness and effectiveness in overcoming the limitations of existing approaches.

5 Conclusion

In this work, we attempt to address critical drawbacks of commonly employed methods for OD calibration
by introducing an approach that combines conditional variational autoencoders with physics-based traffic
models. Leveraging deep generative models for this task constitutes a generally under-explored area, and
through our problem formulation we aim to underscore its importance and tractability to the machine learn-
ing community. The integration of deep learning with domain-specific physical constraints not only advances
transportation modeling but also establishes a paradigm for incorporating domain knowledge into machine
learning systems, with potential applications across various urban planning tasks. Our experimental results
show the proposed method can be applied to the challenging real-world Sioux Falls and high-dimensional
Munich case studies, demonstrating a performance advantage both on key metrics and in terms of sample
efficiency.
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Fig. 3. Network demand (6 am to 10 am).

Fig. 4. Used Munich Network overview.

taken as true outputs. Two coefficients of reduction (Red) and randomization (Rand) are used for perturbation. Different values of
these two coefficients are used to create different types of true demands as in reality. The demand scenario generation is specifically
expressed as:

xc = (Red + Rand ù �) ù xp1 (18)

where � is the random perturbation vector following Gaussian distribution. In this case study, we apply Red = 0.7 and Rand = 0.15
(i.e., xc = (0.7 + 0.15�) ù xp1 ), and � Ì N(0, 0.333) (99.7% of values located in [*1, 1]), resulting in the demand distribution shown
in Fig. 3 (aggregated into one hour for easy illustration).

3.1.3. PC-SPSA algorithm settings
Recall Eq. (17), we need to update the gains for perturbation (ck) and minimization (ak) to control the step size and convergence

at each step. In all following experiments, A, ↵ and � are set to be 25, 0.3 and 0.15, respectively. For the experiments within this
section, c and a are set to be 0.15 and 1, respectively. Note that, c and � control the perturbation percentage of the PC-scores. For
example, at the first step, the PC-scores are perturbed with ±(15%). On the other hand, a, A and ↵ control the actual moving step
in the searching space. All historical data-set generation methods introduced in Section 2.2 are applied for comparison, for which
Rod, Rt, and Rd are set as 0.3, 0.4 and 1, respectively, while the Gaussian distributions N od , N t, and N d are generated using
Ì N(0, 0.333) setting. The demand of 100 historical days is thus generated. Furthermore, to reserve enough variance contained in
the historical data-set for tracking the patterns and achieve the goal for dimension reduction at the same time, the number of PCs
expressing 95% of the total variance are used.

3.1.4. Goodness of fit
Given that PC-SPSA is a non-assignment matrix based algorithm it requires the DTA model simulation to map the OD matrix into

measurable traffic measurements, such as vehicle counts recorded by detectors. These generated traffic counts are then compared

Figure 4: Overview of Munich Traffic Network.

A Code Reproducibility

The reproducible code of the paper can be found at the Supplementary Material. In the spirit of open
research and transparency, we are committed to releasing all of our code, including the model architectures
and hyperparameters, training scripts, evaluation metrics, and baseline implementations upon acceptance of
our paper.

B Broader Impact

Efforts on transportation networks: The availability of real-world, metropolitan-scale, road traffic
simulators is very limited. To our knowledge, no published work evaluates the work on more than one
real-world metropolitan-scale traffic simulation model. Most high-impact works in transportation limit
their validation to synthetic networks or small-scale networks. In the paper, we present a large-scale, and
challenging, Munich case study. Due to the difficulty of developing models of large-scale networks, there is
also a lack of benchmark problems for calibration. There are parallel efforts by co-authors of this paper to
open source and develop future benchmarks.

Why is our solution meaningful and novel? Machine learning methods, particularly the application
of deep generative models such as Variational Autoencoders (VAEs), is identified by our research to address
the Origin-Destination (OD) calibration problem due to its inherent flexibility and scalability. Such models
are capable of learning complex, high-dimensional distributions without the need for explicit programming
of all the rules and relationships within the data. This quality is especially beneficial for OD calibration,
where the relationship between traffic inputs and observed conditions can be highly nonlinear and influenced
by a myriad of factors that are difficult to model explicitly.

Broader impact: The application of machine learning to transportation problems such as OD calibration is
not only a technical achievement but also a major step towards more sustainable, efficient, and user-friendly
urban environments. It paves the way for the development of smart cities where data-driven insights can
inform infrastructure development, urban planning, and the deployment of autonomous vehicles. As these
models continue to improve and become integrated into real-world applications, their impact on society’s
mobility and quality of life will be significant and enduring.
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Figure 5: Calibration distribution results on OD demand. The blue cluster is the prior distribution of input
OD and the red cluster is the calibrated OD distribution conditioned on observed traffic counts. The green
dot refers to the real OD that we aim to identify.
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C Preliminary

C.1 Conventional Problem Definition

TODO:Short it and then put it in the main body.

In this section, we provide the traditional problem definition of origin-destination (OD) calibration in the
transportation science domain. In this paper, we consider the static OD calibration problem, where the
OD matrix is usually determined offline based on historical field measurements. During the time interval
of interest, we consider a single OD matrix d = {dz}z∈Z . dz represents the expected travel demand for
OD pair z and Z is the set of OD pair indices, i.e., Z = {1, 2, . . . ,Z}. Z is the total number of OD
pairs. This problem aims to calibrate the OD matrix to match the simulated network performance to real-
world measurements. The performance measures used for comparison are typically the expected link counts
or speeds. Conventionally, this problem is formulated as a simulation-based optimization problem using
a simulator S(·;u1, u2). u1, u2 are vectors of endogenous simulation variables and exogenous simulation
parameters, respectively. The objective consists of identifying an OD matrix that leads to simulated traffic
metrics that are reflective of traffic conditions observed from the field, e.g.,

min
d
f(d) = 1

|I|
∑
i∈I

(yi − E [Si (d;u1, u2)])2 + δ
1

|Z|
∑
z∈Z

(
dprior
z − dz

)2 (8)

0 ⩽ d ⩽ dmax,

where symbols |I| and |Z| represent the number of elements in sets I and Z, respectively. Si is the simulated
flow on link i and yi is the average flow on link i estimated from the observed field data. dprior

z is a prior value
for the expected demand for OD pair z and δ is a weight parameter for prior information. The problem
is formulated with bound constraints, which is 0 ⩽ θ ⩽ θmax and dmax is an upper bound vector. The
primary objective of Eq 8’s first summation is to assess the discrepancy between actual link traffic conditions
(represented by the terms yi) and their simulated counterparts (represented by the terms E [Si (d;u1, u2)]). In
addition, there exists an infinite set of OD vectors, d, that can lead to the same simulated traffic conditions.
However, some solutions may be more physically plausible than others, as they reflect the underlying land-use
patterns of the region, resulting in plausible travel demand patterns for a specific time period. To address
this underdetermination issue, the traditional approach is to add a term to the objective function (second
term in Eq 8) that encourages the OD solutions to be close to a plausible pre-defined OD matrix. This
pre-defined OD matrix is called a prior or seed matrix and is most often estimated from other data sources,
such as census data, or obtained through OD estimation of a simpler (e.g., static) traffic model. Note that
the second term of the objective function is a regularization term and presents as an analytical function so we
do not need to evaluate via simulation. However, the regularization term is a useful tool to impose additional
constraints on the problem, particularly in situations where the problem is underdetermined due to the type
and sparsity of the measurements available. It is assumed to capture plausible travel demand patterns for
the calibration time period under consideration. δ is a weight factor that determines the trade-off between
the distance to field measurements (first summation) and the distance to the prior OD matrix (second
summation). Incorporating this prior knowledge into the calibration problem can improve the plausibility
of the estimated OD vectors, leading to more accurate simulations of the transportation network.

C.2 Difference between OD Matrix Estimation and OD Calibration

We distinguish between two problem formulations: (i) general origin-destination (OD) matrix estimation,
where OD matrices are inferred for various network analyses. Specifically, OD matrix estimation is the
process of estimating the number of trips that are made between origins and destinations in a transportation
network; (ii) OD calibration, where inputs such as OD matrices are estimated to calibrate a specific traffic
model. Traffic models have numerous demand and supply parameters requiring calibration, and their values
should not be interpreted in isolation, especially for calibration problems. Calibrated OD matrices should not
be utilized as standalone matrices for planning, as they depend on other model input parameters (Cascetta
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et al., 2013). While both problem classes can share mathematical formulations, the former class often
leverages a traffic model to regularize underdetermined problems by introducing behavioral assumptions or
network knowledge to further constrain the problem. This paper focuses on the second problem class, aiming
to calibrate the OD matrix input of a traffic simulator for network planning and operations decisions.

D The Simulator – SUMO

TODO: short it, cite papers

Simulation of Urban MObility (SUMO)4 is an open-source, highly portable, microscopic and continuous
multi-modal traffic simulation package designed to handle large networks. It allows for intermodal simulation,
including pedestrians and comes with a large set of tools for scenario creation (Lopez et al., 2018). SUMO
has a wealth of features that allow for the modeling of intermodal traffic systems, including road vehicles,
public transport, and pedestrians. Some of its features include automated driving, vehicle communication,
traffic management, microscopic simulation, multimodal traffic, online interaction, network import, demand
generation, traffic lights, performance, and portability. To accurately capture real-world dynamics, in this
work, the simulations utilize a meticulous mesoscopic modeling approach where each individual trip in the
system is modeled as a one-time random route selection by the user based on their personal preferences
and the current traffic conditions. A recent paper presented an efficient simulation-based travel demand
calibration algorithm for large-scale metropolitan traffic models using SUMO (Arora et al., 2021). The
algorithm builds upon recent metamodel methods that tackle the simulation-based problem by solving a
sequence of approximate analytical optimization problems, which rely on the use of analytical network
models. Besides, SUMO has been used for a wide variety of applications. Some of its application areas
include evaluating the performance of traffic lights, vehicle route choice, providing traffic forecasts, supporting
simulated in-vehicle telephony behavior for evaluating the performance of GSM-based traffic surveillance,
and providing realistic vehicle traces (Shamim Akhter et al., 2020).

E Detailed Experimental Settings

We build the synthetic demand scenarios following an established benchmarking framework (Antoniou et al.,
2016; Qurashi et al., 2019; Cantelmo et al., 2019) to test the calibration algorithms fairly. Specifically, we
first construct the target demand from the previous estimate of OD demand d̂ and the ground truth traffic
information (counts) obtained from the simulation output. We then synthetically perturb the target demand
to generate different scenarios for calibration. Following (Qurashi et al., 2019), two coefficients - reduction
(p) and randomization (q) - are used for perturbation. Varying these two coefficients creates different types of
true demands, as in reality. The demand scenario generation process can be described as: xc = (p+q×δ)× d̂,
where the random perturbation vector, δ, follows a Gaussian distribution with δ ∼ N(0, 0.333), which is made
to to ensure that 99.7% of the random values fall between -1 and 1. This range is selected to maintain the
perturbed demand within a reasonable range while still introducing sufficient randomness to mimic real-
world variations and p = 0.7. In our experiments, we establish two different scenarios with different degrees
of randomness. In Set I, we set q = 0.15, while in Set II, we set q = 0.3. We hypothesize that incorporating
increased randomness in the selection of initial points contributes to greater difficulty in addressing the OD
calibration problem. By deliberately introducing heightened uncertainty (Set II) in the starting position,
the problem becomes more intricate.

Note that we refer to the hour-by-hour settings as "Munich X-Y " (and abbreviated "MXY " in plots below),
where the time range is X:00am-Y :00am. For example, "Munich 6-7" and "M67" are shorthand for the
Munich setting from 6:00 am to 7:00 am. To generate the necessary traffic information (traffic counts for the
environments, we use the open-source traffic simulator Simulation of Urban MObility (SUMO) (Lopez et al.,
2018). Our approach can also be applied on any other traffic simulator. To account for the stochasticity of
the traffic simulations, we used outputs averaged over 5 simulation replications.

4https://www.eclipse.org/sumo/
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The availability of real-world, metropolitan-scale road traffic simulators is very limited. To our best knowl-
edge, no published work evaluates the work on more than one real-world metropolitan-scale traffic simulation
model. Most high-impact works in transportation limit their validation to synthetic networks. In the paper,
we present a large-scale, and challenging, Munich case study. In addition, we carry out validations on an
additional network named Sioux Fall. The Sioux Falls network, configured with 9 OD zones and 39 sensors,
serves as an ideal benchmark network for testing OD estimation and calibration methods because it pro-
vides a balanced combination of complexity and manageability. Its structure (24 nodes, 76 links) is complex
enough to be realistic yet simple enough for efficient computation, while the 39 sensors offer adequate net-
work coverage for data collection. The 9-zone system creates a reasonably sized 9x9 OD matrix with 81 OD
pairs, making it perfect for developing and validating new methodologies in transportation studies without
the computational burden of larger networks.

Regarding the hyperparameters of the proposed model, if not specified, we use the same hyperparameters in
all experiments. Specifically, we set the learning rate as 0.001, the epoch as 1000, the dimension of the hidden
space as 10, the weight (γ) of LMSE as 1 for M56, M67; 0.01 for M78, M89 and 0.001 for M910, respectively.
The optimizer Adam (Kingma & Ba, 2014) and SGD (Kiefer & Wolfowitz, 1952) is adopted to train the
model. All codes are implemented by Python and we use Intel(R) Core(TM) i9-10900X CPU @ 3.70GHz
64GB memory, and NVIDIA GeForce RTX 2080 Ti. With such device, a single SUMO simulation run takes
12 minutes to complete. SPSA requires a minimum of two simulations per iteration with a runtime of over 24
minutes in general. In contrast, neural network-based approaches utilize a parallel data collection procedure
from the Munich traffic network, shown in Figure 4, instead of serial iterations. Note that n mentioned in
Section G.2 first paragraph can be up to 40 in our paper, which depends on the CPU kernels. In addition,
to facilitate model training generative models, we apply min-max normalization to scale the input data in
the range of 0-1, and re-scale to the original distribution with input OD demand during validation.

F Detailed Descriptions on Transportation SOTA Method

• SPSA: SPSA (Simultaneous Perturbation Stochastic approximation) is an optimization algorithm
for systems with multiple unknown parameters, which can be used for large-scale models and various
applications. It can find global minima, like simulated annealing (Van Laarhoven et al., 1987). SPSA
works by approximating the gradient using only two measurements of the objective function with
gradients, making it scalable for high-dimensional problems (Spall, 1992).

• PC-SPSA: PC-SPSA is proposed to address the issue of SPSA that it often fails to converge rea-
sonably with the increase in problem size and complexity. This is because SPSA searches for the
optimal solution in a high-dimensional space without considering the structural relationships among
the variables. PC–SPSA combines SPSA with principal components analysis (PCA) to reduce the
problem dimensionality and limit the search noise. The PCA captures the structural patterns from
historical estimates and projects them onto a lower-dimensional space, where SPSA can perform
more efficiently and effectively (Qurashi et al., 2022; 2019).

We implement the SPSA and PC-SPSA according to https://github.com/LastStriker11/
calibration-modeling and the parameters used in our work are aligned with this repository. In
addition, we employ Method 6, titled "Spatial, Temporal, and Day-to-Day Correlation," as delineated
in (Qurashi et al., 2022), to systematically generate historical data for subsequent principal component
analysis. According to the original research, method 6 constitutes the most robust and optimal solution for
the given context.

Note that, SPSA and PC-SPSA require a minimum of two simulations per iteration. We allow each of the
two baselines to run up to 100 iterations, with multiple simulations and optimization until convergence.
In contrast, our approach does not have this limitation, as we can run multiple parallel simulations and
collect the generated OD demands and traffic flows as training data. In practice, we allow a maximum of
300 sequential simulation runs on Set I and 150 simulation runs on Set II, with a maximum of 40 parallel
simulations simultaneously.
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G Detailed Analysis

G.1 Controllability of Physics Awareness

Table 3: Performance Comparison Across Different Time Intervals

Method SUMO Run Time Munich 5-6 Munich 6-7 Munich 7-8 Munich 8-9 Munich 9-10
SPSA 200 18.00 (1.12) 43.10 (0.24) 55.89 (2.31) 50.05 (0.61) 36.13 (0.43)
CVAE-catt 150 16.43 (0.79) 30.72 (1.76) 18.47 (1.75) 21.60 (1.55) 19.42 (1.15)
Ours_small 10 15.44 (0.01) 23.18 (0.32) 18.33 (0.01) 21.22 (0.46) 18.45 (0.01)
Ours 150 14.89 (0.56) 21.74 (1.59) 18.32 (1.83) 21.02 (1.84) 16.38 (1.02)

The motivation of predicting yAna is twofold. First, by introducing a trainable function that can approximate
the simulator output to a certain extent, we aim to reduce the reliance on expensive simulator runs during
the calibration process. The function can serve as a computationally efficient surrogate model. It primarily
enhances computational efficiency, which is of particular importance when we have limited simulation runs.
Second, it provides a consistent and informative context throughout the VAE architecture, enhancing the
learning of meaningful relationships between the OD matrix and the traffic measurements. By combining
the strengths of the simulator and the analytical equation, our framework aims to achieve accurate and
computationally efficient OD calibration. As a surrogate model, the physics model itself doesn’t directly
improve performance. Our introduced learnable control parameters and cross-attention mechanism, however,
allow our underlying model to make use of relevant dynamics captured by the physics model.

To evaluate the controllability of physics awareness, we conducted a comparative analysis of four methods
for estimating OD matrices in traffic flow modeling. Our innovative approach, Ours_small, demonstrates
remarkable efficiency through a hybrid data strategy: we executed the simulator only 10 times and augmented
this data by adding noise to create 140 additional samples without traffic flow data. The model was initially
trained on the 10 complete samples, then fine-tuned with the 140 additional samples using y = yAna in
Equation 5.

As shown in Table 3, this approach yields impressive results across different time intervals in Munich. Despite
using significantly fewer simulation runs (10) compared to other methods (150-200), Ours_small achieves
competitive performance. For instance, in Munich 6-7, Ours_small achieves 23.18 (±0.32), while CVAE-catt,
using 150 runs, reaches 30.72 (±1.76). Both our methods demonstrate superior stability with consistently
lower standard deviations compared to SPSA, which shows high variability (ranging from 18.00 to 55.89)
despite using 200 simulation runs. This efficiency-performance trade-off underscores the robustness of our
physics-aware approach, proving that effective learning can be achieved with limited physical simulations
while maintaining performance stability. The success of Ours_small particularly highlights our method’s
ability to leverage analytical solutions effectively, substantially reducing computational overhead without
compromising accuracy.

G.2 Convergence speed

We compare the convergence curves for the best RMSE achieved by SPSA, PC-SPSA, and our proposed
ControlVAE method. While SPSA and PC-SPSA allow running two simulators concurrently per iteration,
our approach enables up to 2n simulators during data collection, where n is the number of SUMO programs
determined by CPU cores. This means the time for ControlVAE to accumulate 160 training points equals
only 80/n iterations for SPSA and PC-SPSA. For fair comparison, we plot the results against the number
of simulator executions rather than wall-clock runtime. During data collection, no optimization is applied
to the generated data. We incrementally increase the training volume in units of 10 runs and record the
distribution results. All three curves start from the 0th iteration. For display, SPSA and PC-SPSA are
plotted from the 1st iteration, while ControlVAE is plotted from the 10th SUMO run. As shown in Figure
6, PC-SPSA converges quickly but only exceeds ControlVAE for Setting M56, while failing to converge well
on M67. In contrast, ControlVAE rapidly converges once the target result is obtained using just 10 SUMO
runs. Considering the parallelizable data generation, this demonstrates the data efficiency of ControlVAE. By
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Figure 6: The converge curve based on the count of simulator running

leveraging both simulation and analytical models with attention mechanisms, ControlVAE achieves accurate
OD matrix calibration with fewer required simulator evaluations.

G.3 Detailed Analysis with Potential Improvement and Diffusion Models

We conduct comprehensive evaluations by comparing our proposed method against the potential improve-
ment of traditional approaches, i.e., CVAE-initiated SPSA and contemporary deep learning models, demon-
strating its consistent superiority across all time intervals (Table 2). Traditional SPSA exhibits inconsistent
performance, but its extension with CVAE initialization shows notable improvements, although it still lags
behind our proposed method. This underscores two key insights: (1) SPSA’s performance heavily depends
on initialization quality, and (2) CVAE effectively generates meaningful initial OD values closer to optimal
solutions.

Among modern deep learning approaches, the Transformer model demonstrates competitive and stable
performance, while diffusion models, despite their success in other domains, perform unexpectedly poorly in
OD estimation tasks. Our analysis attributes this to critical limitations: (1) data scarcity, as diffusion models
require large-scale training data, which is typically unavailable in OD estimation; (2) structural complexity,
as these models struggle to capture intricate interdependencies between origins, destinations, and traffic
flow patterns without explicit constraints; (3) initialization sensitivity, where their iterative processes are
vulnerable to initial conditions and prone to divergence in limited-sample scenarios; and (4) distribution
assumptions, as their reliance on standard Gaussian noise fails to represent the underlying OD matrix
distribution, leading to suboptimal results. These findings underscore the strength of our proposed approach,
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which effectively overcomes these limitations while delivering consistently superior performance across diverse
testing conditions.
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Figure 7: Extra Calibration Results on Traffic Counts.

H Limitation

Despite the limited focus on employing deep generative models for the complex task of OD calibration,
our study presents an innovative application of Variational Autoencoders (VAEs) to model OD distribution
from a Bayesian perspective. We explore a cultured analytical approximation of traffic network mechanisms,
integrating it within the VAE framework using a controlled cross-attention module. However, recognizing
the recent success of the diffusion model (Ho et al., 2020; Shu et al., 2023; Song et al., 2021) in generative
tasks, we consider the development of smooth and tightly constrained latent spaces using the diffusion model
as a promising direction for future research. However, we acknowledge the diffusion model’s increased data
input requirements, which can yield OD samples diverging from true values in practice. We hypothesize that
this discrepancy stems from the input OD distribution deviating from a strict normal distribution. Potential
solutions may involve adjusting the diffusion formula based on the actual OD distribution or training the
VAE to remap input data to the normal distribution space. Future work will explore these avenues.

Our study faces another limitation stemming from the reliance on synthetic data derived from observed OD
demand, potentially resulting in a significant dependence on the SUMO simulator for the relationship between
OD demand and traffic data. Although acquiring real data is challenging and may be restricted for scientific
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use due to data protocols, we maintain that utilizing real data in future work is crucial. Real-world scenarios
encompass a diverse array of weather and human factors, making them more complex than simulations
and providing more valuable insights. Furthermore, awareness of the observed OD demand enables the
evaluation of differences between calibrated OD values and actual values, as well as the estimation of initial
OD distribution proximity to the real OD distribution when constructing scenarios. This is important
because a reasonable initial demand distribution may be a prerequisite for recovering the true distribution.
In summary, although synthetic data facilitates initial methodological development, real-world data will be
required to fully validate our approach and apply it in practice. Ongoing work is focused on gaining access
to real transportation data under appropriate privacy agreements.

While substantial progress has been made in recent years, current models, including Control VAE, have
not yet reached the desired level of accuracy for urban travel demand calibration using deep generative
models. Nevertheless, we argue that the margin of error is swiftly decreasing as researchers enhance their
understanding of and address potential risks associated with urban travel demand calibration. In particular,
illogical or unreasonable generated samples could have detrimental consequences for urban development.
Given these considerations, we recommend that researchers adopt a human-centric approach to develop a
responsible traffic system, underpinned by neural networks that embody causality, fairness, interpretability,
privacy, security, and accountability.
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