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ABSTRACT (A) Two Source Braess’ Paradox (B) Amsterdam Metro
Who benefits from expanding transport networks? While designed
to improve mobility, such interventions can also create inequality. X/N:
We show that disparities arise not only from the structure of the e 1 1
network itself but also from differences in how commuters adapt n,
to it. We model commuters as reinforcement learning agents who X/N; *"
adapt their travel choices at different learning rates, reflecting un- ~
equal access to resources and information. We introduce the Price e -
of Learning (PoL), a measure of inefficiency during learning. We
analyze both a variation of the Braess Paradox original network
and an abstraction of the Amsterdam metro network. Our simula-
tions show that expansions can simultaneously increase efficiency Figure 1: (A) Two-Source Braess’ Paradox with fast-lane ex-
and amplify inequality, especially when faster learners benefit from tension (red). (B) Amsterdam Metro with North-South (blue)
new routes before others adapt. We highlight that transport policies and West-Amstel (orange) extension.

must account not only for equilibrium outcomes but also for the

heterogeneous ways that commuters adapt. spot: they assume homogeneous agents, fully rational and with per-

fect information, ignoring how real commuters experiment and

KEYWORDS adapt. In reality, commuters ignore detailed traffic conditions and
Congestion Games, Reinforcement Learning, Multi-Agent Systems, balance exploration (trying new routes) with exploitation (relying
Fairness, Transport Planning on known ones) [3, 14], through processes resembling Reinforce-
ACM Reference Format: ment Learning (RL). Such dynamics do not always converge to

Nash Equilibria[15], suggesting that learning models provide a
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more realistic assessment of system performance over time.
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reality, however, empirical evidence reveals that wealthier individ-
1 INTRODUCTION uals exhibit higher risk tolerance and more exploratory behavior

[4, 8], which suggests models where agents differ in their adapta-
tion capacity. In this paper, we investigate how exploration-driven
learning shapes distributional outcomes. We tackle the question:
How do differences in learning affect fairness and efficiency
in congestion games?

We introduce a framework combining multi-agent RL with fair-
ness analysis: We propose: (i) the Price of Learning (PoL): a dynamic
analogue to the Price of Anarchy that quantifies inefficiency during
learning, (ii) a two source Braess’ Network: a proof of concept for
how heterogeneous learning amplifies inequalities, and (iii) the
Amsterdam Metro: a real-world abstraction to examine commuter
adaptation under network expansions .

We show that interventions can worsen inequality: faster-learning
groups capture greater benefits, leaving slower learners disadvan-
This work is licensed under a Creative Commons Attribution Inter- taged, even when overall efficiency improves. We highlight the

= national 4.0 License. need to move beyond static analysis to consider how heterogeneity
shapes long-term outcomes.

Expanding transport networks is often seen as an unambiguous
good: more roads, more transport lines, more options means faster
travel. Yet, in practice, such interventions can backfire. Sometimes,
adding infrastructure slows traffic [5]. Other times, it benefits ad-
vantaged areas, widening inequalities [10]. Consider a city rolling
out a new public transportation line intended to reduce crowd-
edness. What happens when some commuters adapt faster than
others? A transport upgrade that deepens divides.

Classical game theoretic models, like the Braess’s Paradox [5], el-
egantly show that adding new routes can increase travel times. Em-
pirically, the phenomenon has been observed in New York, Boston,
and Seoul [1, 16]. These models, however, suffer from a critical blind
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2 FRAMEWORK: LEARNING AND FAIRNESS

Price of Learning. In congestion games, the Social Optimum (SO) is

the strategy profile that minimizes total cost: a* € arg mingc # C(a).

A policy is the function that defines an agent’s action at each
timestep t. Let 7 = (n},..., 7") denote the joint policy. The ex-
pected social cost is C(7;) = Eg,~x, [C(Ar)]. We introduce the
Price of Learning (PoL):

C(m) -

PoL(¢) = Clan) 2 ¢

1

Measuring PoL captures the gap between static equilibrium results
and the outcome of learning-based dynamics.

Fairness. We assess fairness through source disparity, the difference
in average cost between player groups originating from different
sources:

SD(s1, s2) = AvgCost(s1) — AvgCost(sz). (2)

A positive SD favors s, negative favors s, and zero indicates
perfect fairness.

Reinforcement Learning. Each player i seeks to minimize experi-
enced cost (travel time plus congestion) by updating estimates
of expected cost for each strategy a; € Aj, expressed through a
Q-value table Q;(a;), and updated in every timestep:

Qi(ai) « Qi(ai) + a[ri(f) +y max Qi(a}) - Qi(ar)|, ()

where « € (0, 1] is the learning rate, y € [0, 1] the discount factor,
and the observed reward is i (t) = — Yeeq, (1) fe(xe(ar); Ke), with
a;(t) the strategy chosen at time ¢ and a; the realized profile [6,
7]). Agents follow an e-greedy policy to balance exploration and
exploitation.

3 ENVIRONMENTS

Two-Source Braess Network: An extension of the classical paradox
with two sources (S, S2) and one destination. We test a fast lane
intervention (Icp), as shown in Figure 1 (A).

Amsterdam Metro Network: An abstraction of the real network
through three phases: pre-2018, current North-South line, and fu-
ture West-Amstel expansion, as shown in Figure 1 (B). The social

cost for each edge is calculated as fo(x¢; Ke) = tg (1 + ;2—2) where

t9 is the free-flow travel time and K, = N is the edge capacity.
Free-flow times are calculated from real-world schedules [9, 13].

4 RESULTS

Figure 2 (A) shows that equal learning rates lead to fair outcomes
(SD ~ 0). However, unequal learning rates (Figure 2 - B, Figure 3
-B) allow faster learners to achieve persistent lower travel times,
even if the system’s overall PoL remains low.

Network expansions interact with adaptation to exacerbate dis-
parities. Figure 3 shows that in the Amsterdam Metro (Phase C),
unequal learning rates can block convergence to the Nash Equi-
librium entirely, creating lasting inefficiencies and inequities that
static analysis fails to predict.
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(A) Constant learning rate () (B) Heterogeneous learning rate ratios
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Figure 2: With equal learning rates, source disparity fluc-
tuates around a fair zero. With unequal rates, agents with
higher learning rates gain a persistent advantage.
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Figure 3: Unequal learning rates produce persistent inefficien-
cies and systematic disparities, particularly after network
expansions, demonstrating that faster-adapting commuters
gain a consistent advantage over slower learners.

4.1 Key Takeaway

This paper contributes to the ongoing research on fair transport
network design [2, 10-12], by emphasizing the importance of con-
sidering sources of heterogeneity that dictate mobility behaviour.

Our results show that static Nash equilibrium analysis overlooks
important dynamics: unequal learning rates introduce persistent
disparities between groups, that persist after interventions. A low
Price of Anarchy does not guarantee equitable outcomes: faster-
adapting commuters can systematically benefit from new routes
compared to slower learners. This suggests that infrastructure ex-
pansions should be assessed not only on their equilibrium efficiency
but also on adaptation dynamics. Planners should support slower-
to-adapt groups—for example through targeted communication,
real-time travel information, or phased rollouts—so that efficiency
gains from new infrastructure are distributed evenly.
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