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Abstract—1In this paper, we aim to mitigate congestion
in traffic management systems by guiding travelers along
system-optimal (SO) routes. However, we recognize that most
theoretical approaches assume perfect driver compliance, which
often does not reflect reality, as drivers tend to deviate from
recommendations to fulfill their personal objectives. Therefore,
we propose a route recommendation framework that explicitly
learns partial driver compliance and optimizes traffic flow
under realistic adherence. We first compute an SO edge
flow through flow optimization techniques. Next, we train
a compliance model based on historical driver decisions to
capture individual responses to our recommendations. Finally,
we formulate a stochastic optimization problem that minimizes
the gap between the target SO flow and the realized flow under
conditions of imperfect adherence. Our simulations conducted
on a grid network reveal that our approach significantly reduces
travel time compared to baseline strategies, demonstrating the
practical advantage of incorporating learned compliance into
traffic management.

I. INTRODUCTION

Traffic congestion remains a critical challenge in large-
scale transportation networks [1], imposing substantial
economic [2], environmental [3], and social costs [4],
[5]. Despite significant investments in transportation
infrastructure and advances in traffic management systems,
the efficient utilization of existing road networks remains
constrained by the complex interaction between system-
level optimization and individual driver behavior. Common
approaches, such as dynamic traffic assignment, are
fundamentally rooted in system-level optimization and
frequently assume perfect driver compliance or simplified
behavior models [6]. For instance, modern navigation
tools typically offer routes based on individual travel
time minimization. However, this self-focused behavior can
amplify congestion and deviate significantly from the system
optimal (SO) distribution, which minimizes total network
travel time by coordinating route choices.

While many theoretical models compute SO flows,
their effectiveness hinges on full driver compliance—an
assumption rarely met in practice. Real drivers often deviate
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to fulfill personal objectives such as shorter travel times,
lower tolls, or route familiarity. This gap between theoretical
SO assignments and real-world decision-making underscores
the need for strategies that accommodate partial driver
adherence. Recent research has begun exploring the middle
ground between these approaches.

For instance, congestion-aware routing in autonomous
mobility-on-demand systems uses dynamic programming or
model predictive control to balance route assignments and
rebalancing tasks [7]-[10]. More recently, reinforcement
learning techniques have been introduced to address
route guidance under varying degrees of compliance or
uncertain traffic conditions [11]-[13]. While these studies
take important steps toward adaptive routing, many either
investigate incentive programs to promote desired behavior
[14] or how route recommendations might influence driver
behavior to improve system-level outcomes [15]. However,
these efforts typically make simplistic assumptions about
driver compliance, treating it as either deterministic or
governed by basic probability distributions that fail to capture
the nuanced decision-making processes of actual drivers
[16]-[18], while it depends on numerous factors, including
perceived recommendation credibility, detour magnitude,
traffic conditions, and individual preferences.

In this paper, we introduce a route recommendation
framework that bridges the gap between SO traffic
assignment and practical implementation by explicitly
modeling and learning driver compliance patterns. Our
approach first computes the macroscopic flow distribution
that optimizes overall system performance. Rather than
assuming perfect compliance, we use empirical data to
learn how drivers respond to different types of route
recommendations. This learned compliance model informs a
stochastic optimization problem to minimize the discrepancy
between SO flow and expected flow resulting from driver
responses to our recommendations.

The contributions of our paper are multifaceted and
significant to the domain of traffic management. First,
we present a mathematical formulation for compliance-
aware route recommendations that effectively bridges
the gap between system optimization and behavioral
realities. Second, we introduce a data-driven approach for
modeling driver compliance patterns, thereby enhancing our
understanding of individual driver behavior. Additionally,
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Fig. 1: System-optimal (SO) route recommendation

framework under partial driver compliance.

Furthermore, we provide numerical evidence demonstrating
the efficacy of our approach across a variety of network
configurations and demand scenarios. By directly addressing
the critical implementation gap in traffic management,
our work offers practical pathways toward more efficient
utilization of existing traffic infrastructure. Importantly, we
acknowledge the fundamental role of human behavior within
complex socio-technical systems [19], ensuring that our
recommendations are not only theoretically sound but also
practically applicable in real-world contexts.

II. SYSTEM ARCHITECTURE

This section presents our system architecture for
compliance-aware route recommendations in a traffic
network. Figure 1 illustrates the structure of our approach,
which incorporates driver compliance behavior and SO
flow into the recommendation process. The framework
comprises several interconnected components that generate
route recommendations that balance system-level efficiency
with the realities of driver behavior.

The framework begins with a flow optimization
component that computes the SO flow distribution across the
road network. This optimization takes as input the network
topology, travel demand rates, and road characteristics to
determine the theoretical flow pattern that minimizes total
system travel time if all drivers follow assigned routes
perfectly. The resulting optimal flow, however, may not be
directly implementable due to unexpected route choices by
individual drivers. To address this challenge, we use machine
learning to predict how drivers respond to route suggestions
based on historical driving data. The learning model would
handle contextual features such as trip characteristics and
traffic conditions, and eventually, allow us to anticipate
drivers’ behavior.

The route recommendation component represents the
core of our framework, where SO flows meet behavioral
realities. This component takes as input both the desired
SO flow pattern and the learned compliance models to
generate personalized route recommendations for individual
drivers. By formulating a stochastic optimization problem
that minimizes the discrepancy between the SO state and

the expected state resulting from driver decisions, this
component produces recommendations that are both aligned
with system-level objectives and informed by observed driver
behavior patterns.

To this end, we provide a formal mathematical formulation
of each component of this framework, beginning with
the problem of computing SO flows and then proceeding
to the compliance modeling and route recommendation
components that form the core of our contribution.

III. PROBLEM FORMULATION

Consider a traffic network given by a directed graph
G = (V,€) where V C N is a set of nodes representing
intersections (or junction points) and £ C N is a set of
edges representing roads. Let M C N denote a set of travel
demands, where each travel demand m € M is characterized
by an origin node o, € V, a destination node d,, € V,
and a demand rate o, € R>(, representing the number of
travelers per unit of time. For each travel demand m € M,
we consider a set of possible paths P,,, where each path
p € Pn, is a sequence of connected edges from origin oy,
to destination d,,,. We denote the union of all path sets as

P =U,erm Pm-
A. Flow optimization

The vehicle flow on each path p € P,, is denoted by
zp € R>g, and the vehicle flow x. on each edge e € £ can
be derived from the path flows, i.e.,

ze= Y, Y wp-lleep), (M

meM peEP,

where I(e € p) is an indicator function that yields 1 if edge
e is part of path p and 0 otherwise.

To capture the relationship between traffic flow and travel
time, we employ the widely-used Bureau of Public Roads
(BPR) latency function [20]. The travel time on the road
e € £ with flow x. is given by

4
te(ae) = t° <1 +0.15 (:6) ) , 2)

where tg € Ry is the free-flow travel time and 7. €
R is capacity of the road e € &£. This captures the
non-linear relationship between traffic flow and congestion,
where travel time increases more rapidly as flow approaches
and exceeds capacity. Next, we formulate vehicle-flow
optimization problem.

Problem 1 (Flow-based routing). We aim to find the SO
vehicle flow distribution by solving the following:

win 760 = 3 {2,

ecf

s.t. Z Tp = O, VM E M, 3)
PEPm
zp, >0, VpeP,

where x = (x,)pep is the vector of all path flows.
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The objective function J(x) represents the total system
travel time, and minimizing this function yields the SO flow
distribution. The first constraint ensures that the total flow
across all paths for each travel demand m € M satisfies
the demand rate «,,, while the second constraint enforces
non-negative flows. This formulation provides the theoretical
optimal flow pattern that would minimize overall system
congestion. However, achieving this optimal flow in practice
requires addressing driver compliance behaviors, which will
be the focus of the following sections.

B. Compliance Probability Estimation

To model driver compliance with route recommendations,
we utilize a data-driven approach based on historical
observations. Let D = {(z,,p!,yn) N, denote a dataset
of N past observations, where z,, € R? is a feature vector
describing the n-th travel scenario and the corresponding
traveler and p}, is recommended path selected from the
candidate path set P,, where |P,| > 2. The feature vector
zn, typically includes information such as the traveler’s
origin and destination, demographic characteristics, and other
contextual factors that travelers have consented to share
with the system operator. The label y, € {0,1} indicates
whether the traveler complied (1) or deviated (0) from the
recommended path during that observation.

Using this dataset, we employ a supervised-learning
approach to estimate a function ¢ : Rl — [0,1] that
predicts the probability of compliance given the features z
and recommend path p*. Formally, the goal is to solve

N
1
¢ =argming 3 L(yn, 6(zn,13)), 4)

pec® n=1

where £(-,-) is a loss function (e.g., cross-entropy), and &
is a class of permissible predictors. The learned predictor ¢A>
then outputs a compliance probability in [0, 1] for any new
scenario z and recommended path p’.

A Random Forest (RF) [21] is a popular choice for the
function class ® due to its robustness and ability to capture
complex relationships in the data. RF is an ensemble of
T decision trees, each grown by recursively partitioning
the feature space into leaf nodes. The t-th decision tree
produces an estimated probability h;(z,p") of compliance,
often computed by the fraction of training samples labeled
yn = 1 in the leaf node where the input z and p" land. After
training, the model provides, for each new feature vector z
and recommended path p*, a probability &(z, p*) € [0, 1] that
quantifies the estimated likelihood of compliance:

. 1 &
¢(27Pr) = T th(27pr)~ (5)
t=1

C. Route Recommendation

For each traveler n € AN, we define a compliance
probability function ¢, (p | pi,) that represents the probability
of traveler n choosing path p when recommended path pj,. In
practice, however, the probability of a traveler choosing an
alternative option (i.e., p # p},) cannot be directly estimated

because such events are not explicitly observed in the training
data. Consequently, we assume that if a traveler does not
follow the recommended path, the probability of selecting
any one of the unrecommended options is uniform across all
alternatives. This can be modeled as

¢ (P‘pr z ) = Qg'rz(Znapgz)’ ifp:pi”
n(P | DL, 20 10Gepn) g £

‘Pnl_l ?
For simplicity of notation, we write ¢, (p | pfl) instead of
On (p | ok, zn), with the understanding that this probability
may still depend on the underlying features z,,.
To translate the SO flow x) on each road e € &
into a particular measure, we apply Little’s Law [22] to
approximate the number of vehicles L} on the road e:

Ve € &, @)

(6)

L: = a? -to(al),

e

*

where t.(z}) is the average travel time on edge e as given
by (2). This captures the steady-state relationship between
vehicle flow and travel time on each edge.

Given the SO occupancy L} and our compliance
probability model, we formulate a route recommendation
problem that aims to minimize the discrepancy between the
desired SO occupancy and the expected occupancy resulting
from drivers’ decision:

Problem 2 (Route Allocation). The route allocation problem
is formulated as follows:

min 30|10~ >0 S eulelel) Meep)|.  ®)
n.op

{ri} =

Problem 2 seeks the set of route recommendations {p},}
that minimizes the difference between the SO occupancy and
the expected actual occupancy across all network edges while
accounting for probabilistic compliance behavior.

IV. SOLUTION APPROACH AND SIMULATIONS

This section provides the solution approaches for
each component of our framework and evaluates their
performance through numerical simulations. We first present
the computational methods used to solve the vehicle-flow
optimization problem and describe our implementation and
analysis of the machine learning pipeline for compliance
probability estimation. We then explain the integer
programming solution approach for Problem 2 and evaluate
our framework with comparative scenarios.

A. Network and Data

The traffic network is given by a directed graph G =
(V, &), as defined above. In the simulation examples, the
graph G is chosen to be a grid with Rx C nodes, although any
directed network can be employed in principle. Each road
e € & is assigned a length ¢, € R>q, capacity u. € Rx,
risk 7. € [0, 1], and toll ¢, € R>. The free-flow travel time
on e is tg,. € R>p, and a maximum travel time ¢7*** € R
is included for normalization. The function t.(x.) follows
the common BPR form so that increased flow x. raises the
travel time on edge e.
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To model individual route choices, each demand m € M
can be decomposed into discrete travelers or agents who
share the same origin o,, and destination d,,. Each traveler
1 of type m has a cost function that includes components for
road risk, travel time, and tolls. In addition, the cost model
incorporates an adherence term linked to a recommended
path and may include incentives to reduce financial burdens.
Specifically, the total cost of a path p for traveler i is

JIpi = Z (91,1 Te 4 02 tfg(ngii) +0s3; Ce> + 0., {p#p'}.

ecp

The notation 6y ;, 02 ;, 05;, and 0, ; reflects the traveler’s
preferences regarding road risk, time, monetary costs, and
adherence to the recommended path, respectively. I{p
p'} is an indicator function that adds an adherence-related
penalty if the traveler deviates from the recommended path.

In the numerical studies, these preference weights arise
from latent parameters sampled according to each traveler’s
personal or demographic characteristics. After normalization
of the latent parameters, the resulting weights capture, for
instance, high or low risk tolerance and strong or weak
sensitivity to travel time. The choice of the final path
follows a Boltzmann (softmax) rule, where the probability of
selecting path p from a finite set of candidates is proportional
to exp(—AJp,;) for a rationality parameter A > 0. This
probabilistic selection allows for realistic variability in route
choices, rather than assigning all travelers to their absolute
minimum-cost path.

The simulation proceeds by generating the underlying base
flow on each road, assigning a recommended path p* for each
traveler, and then sampling the traveler’s final path according
to the softmax probabilities. Once all travelers have selected
paths, the corresponding flows are tallied to update x.
The primary outputs are the traveler-level decisions (e.g.,
compliance rates, chosen paths, cost) and the resulting edge-
level flows. Both full and partial compliance are tracked;
the latter is measured by comparing the overlap between the
recommended path and the traveler’s chosen path.

B. Flow optimization

For the flow optimization, we utilize a 4 x 4 grid network
with a randomly generated base flow as illustrated in Fig. 2.
This network represents a simplified urban road network. We
selected four nodes (1, 7, 8, 14) to be origins and destinations
with 12 distinct Origin-Destination (OD) pairs. Each OD
pair has a travel demand of 0.33 vehicles per second (1200
vehicles per hour), which is moderate traffic conditions in
urban environments. To account for the existing base flows
in the network, we modify the objective function to become
J(x) = Y oce {te(ze + fe) - we} where f. represents the
base flow on edge e € £. Then, we solve Problem 1 using
sequential least squares programming in SciPy [23].

C. Learning Compliance Probability

We collected data over 200 days, each containing records
of driver recommendations and subsequent route choices. We
partitioned this dataset into three subsets—training (60%),
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Fig. 2: Example 4 x 4 grid network and its base flow
distribution. Nodes marked in red serve as designated origins
and destinations. Each edge label indicates the base flow rate.
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Fig. 3: Comparison of the model’s predicted compliance
probabilities against actual observations, illustrating the
strong alignment of predictions near the diagonal and
indicating robust predictive accuracy.

validation (20%), and evaluation (20%)—ensuring adequate
representation of various origins, destinations, and route
attributes in each split. An RF regressor was trained on the
training set and tuned using the validation set. Finally, we
evaluated its performance on the remaining test set.

The RF takes features such as the driver’s origin,
destination, and relevant route attributes (e.g., route
length) and outputs the probability of compliance with
a recommended route. Figure 3 illustrates the model’s
performance on an unseen set by plotting actual compliance
probabilities against the predicted values. The clustered
points around the diagonal line indicate that the predictions
align well with the actual probability of compliance,
suggesting that the learned model effectively captures the
underlying decision-making patterns of travelers. Figure 4
shows the result of the compliance prediction model.
Numerically, the model achieves approximately 86.28%
overall accuracy. This accuracy is crucial for our subsequent
route recommendation process, as it enables us to account for
partial compliance in optimizing system-level traffic flows.

D. Route Recommendation

We reduce Problem 2 to an integer programming (IP)
problem that determines which route to recommend to each
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Fig. 4: Confusion matrix for the compliance prediction
model. The dominance of diagonal entries underscores that
the model is reliably predicting compliance behavior.

driver. Let K be the number of possible path for each driver,
ie, P, = {p',...,pX}, and b* € {0,1} denote a binary
variable indicating whether or not the k-th path for driver
n is recommended, i.e., bﬁ =1if pk is recommended and
bk = 0 otherwise.

Problem 3 (Integer Programming). Problem 2 can be
reformulated as the following integer program:

?;E?Z‘LZ =X oD D b dalpl®) - Leep)| )
n e n p k

s.1. Z =1, VneN.
pFEP,

The constraint ensures that exactly one route is
recommended to each driver. We employ the learned
compliance model an since the true compliance behavior
is generally unobservable in practical settings. This integer
programming problem can be solved using established off-
the-shelf solvers such as Solving Constraint Integer Programs
(SCIP) [24] or Gurobi [25].

To evaluate the efficacy of our framework, we examine
several comparative scenarios: 1) Perfect Compliance: In
the ideal case, drivers perfectly follow recommended routes.
This is modeled by setting ¢, (p|p¥) = 1 if p = pF
and ¢, (p|p¥) = 0 otherwise. 2) Known Compliance: In
case drivers partially comply with the recommendations, the
recommender system must account for drivers’ compliance
patterns. We first consider the case where compliance
behavior ¢,,(p|p”) is exactly known to the system operator.
3) Learned Compliance: Our proposed approach considers
compliance behavior to be unknown, and hence, utilizes
learning to estimate compliance patterns ¢y, (p|p¥). 4)
Naive Recommender: Next, we consider a baseline where
the system assumes perfect compliance, whereas actual
drivers partially follow recommendations. In fact, this
would yield the same results as applying solutions from
Perfect Compliance in reality. 5) Selfish Routing: Finally,
we consider the most basic scenario where the drivers
independently select routes to minimize their own travel
times without following system recommendations. In the
following subsection, we compare the performance of our
approach with all the other scenarios.

E. Results

Given the SO flow f on each edge, we derived the
desired number of vehicles L} that should occupy each road
segment using Little’s Law and then solved Problem 3 to
determine the optimal route recommendations considering
drivers’ compliance patterns. Figure 5 illustrates the
comparative performance of different route recommendation
strategies. The results demonstrate that our compliance-
aware recommendation approach consistently outperforms
the naive recommender system that assumes perfect
adherence. This performance advantage resulted from our
framework’s ability to anticipate and account for realistic
drivers’ behavior. As expected, the known-compliance
scenario, in which exact compliance probabilities are
provided to the system operator, serves as a theoretical lower
bound on system travel time.

Table I provides a comprehensive numerical comparison
across all five scenarios: perfect adherence, known behavior,
learned behavior (our approach), naive recommender, and
selfish routing. Our method is highlighted in bold within
the table to facilitate direct comparison. The results reveal
that, on average, the travel time achieved by our learned
compliance approach exhibits only a 2% gap from the
perfect compliance scenario and 0.1% gap from the known
compliance case. While the performance improvement
over the naive recommender appears modest at 0.2%
in this particular network configuration, we anticipate
that this advantage would become substantially larger in
more complex networks and under more heterogeneous
driver compliance patterns. Furthermore, all recommendation
strategies significantly outperform the selfish routing
scenario, confirming the potential system-level benefits of
intelligent route recommendations.

V. CONCLUDING REMARKS

In this paper, we presented a new framework for route
recommendations that explicitly addresses the gap between
SO traffic management and driver compliance behavior. By
integrating a data-driven compliance model into a stochastic
optimization problem, our approach aligns recommended
flows with observed decision patterns, thereby narrowing
the discrepancy between theoretical and actual traffic
distributions. Numerical simulations on a grid demonstrated
the framework’s ability to reduce travel time compared to
both naive route assignment and selfish routing baselines.

Several directions remain open for future research. First,
the compliance model can adopt a more sophisticated
approach, such as non-uniform deviations or context-
dependent adherence, to accurately predict compliance
probabilities. Second, integrating multi-modal transportation
choices could extend the applicability of the framework
to diverse urban mobility ecosystems. Third, exploring
incentive or persuasion mechanisms alongside the learned
compliance model may further encourage drivers to follow
globally beneficial routes. Ultimately, this framework offers a
robust and practical pathway for improving traffic congestion
management in large-scale transportation systems.
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Fig. 5: Comparison of different route recommendation strategies under different levels of compliance information. The left
panel shows the sum of deviation from the system-optimal flow, while the right illustrates the total travel time.

TABLE I: Performance comparison of various recommendation strategies (Mean + Standard Deviation, bold: our approach)

[1]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]

[12]

[13]

Scenario Obj. Value Flow Diff. (Optimal - Actual) Total Travel Time
Perfect Compliance 13.84 4+ 0.00 13.84 4+ 0.00 0.0922 + 0.0000
Known Compliance 78.23 £ 0.66 95.02 £+ 1.59 0.0944 + 0.0000
Learned Compliance  52.61 + 2.96 105.20 + 2.44 0.0945 + 0.0001
Naive Recommender 13.84 £ 0.00 115.63 + 2.21 0.0947 + 0.0001
Selfish Routing N/A 912.40 £+ 12.01 0.1631 + 0.0046
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