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Abstract— Much recent work on autonomous vehicles has
focused on the ability of autonomous vehicles to form platoons,
decreasing average vehicle headways and thereby increasing
road capacities. However, it has recently been noted that
autonomous vehicles could also effectively reduce passenger
throughput despite the benefits of platooning due to a variety
of effects, including the presence of unoccupied vehicles and
the fact that increased road capacities can inadvertently lead
to increases in aggregate congestion through various selfish
routing paradoxes. This paper poses a model of urban traffic
congestion in which occupants may choose to exit their vehicles
at a workplace and then send the vehicle on to park itself –
thus leading to an increased presence of unoccupied vehicles
in urban centers. We show how this sets the stage for a
tragedy of the commons, as it has the potential to amplify the
already-present congestion externalities and how this can lead
to increased aggregate congestion for a wide range of parameter
values.

I. INTRODUCTION

As autonomous vehicle technology steadily improves,
researchers have shown a growing interest in the possibility
of leveraging the unique capabilities of autonomous vehi-
cles to improve road traffic congestion [1]. The possibility
of vehicle platooning has been recognized for quite some
time, and large theoretical gains in road capacity have been
reported [2], [3]. A great deal of this research has been rather
fine-grained, asking questions of safety and stability regard-
ing control algorithms for autonomous vehicle platooning.

In turn, the relative success of the control-theoretic studies
have given rise to studies on the incentive effects of high pro-
portions of autonomous vehicles, both for freight [4] and pas-
senger vehicles [5]–[7]. Many of these studies have operated
under the assumption that the owners of autonomous vehicles
will act in self-interest, choosing routes in transportation
networks which minimize their own individual travel times.

The early results are largely positive, indicating that the
self-interest of vehicle owners need not subvert the benefits
of platooning. However, more-recent work has shown that
this need not always be the case – for example, the authors
of [8] note that the well-known selfish routing paradoxes
such as Braess’s Paradox [9] show that road networks exist
on which increased capacities on individual roads may inad-
vertently and indirectly decrease overall network capacities;
that is, platooning need not be helpful from a system-
level perspective. Furthermore, urban mobility studies have
suggested that fleet-owned autonomous taxis may usurp the
role of traditional mass transit and thus increase urban traffic
congestion, despite reducing demand for parking spaces [10].
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These emerging results suggest that perhaps increasing
the penetration of autonomous vehicles may be fraught
with potential pitfalls, and that the system-level effects of
autonomous vehicles deserve careful scrutiny. It is well-
known that approaches which nominally appear to help
alleviate traffic congestion (or can even be guaranteed to
reduce congestion in simplistic models) can actually cause
surprising and paradoxical degradations. Braess’s paradox is
a classic example in which adding a link to a network can
increase equilibrium traffic congestion [9]. Similar paradoxes
have recently been reported in the area of congestion pricing;
pricing schemes which incentivize optimal network routing
in simplistic congestion models can easily be rendered per-
verse in more-complex settings [11], increasing congestion
rather than alleviating it.

Against this backdrop, this paper exhibits and analyzes
a new possible issue which could arise from increased use
of autonomous vehicles: the potential for increases in the
number of unoccupied vehicles in urban centers. When all
vehicles are human-driven, a vehicle contains its occupant
until the vehicle is parked – thus, the human driver experi-
ences the full transit time of the vehicle. However, the owner
of an autonomous vehicle might choose to exit the vehicle
at a workplace and send the car on to park itself;1 here,
the vehicle spends more time on the road than is directly
experienced by the human driver, effectively amplifying the
existing congestion externalities.

In Section III, we pose a simple model which captures this
phenomenon and then use it to argue that autonomous cars in
urban environments could lead to a tragedy of the commons:
vehicle owners are individually incentivized to choose a
vehicle operation mode which imposes outsized external
costs on those around them. We show that for a large swath
of our model’s parameter space, there is a unique dominant-
strategy Nash equilibrium in which all drivers operate their
vehicles in autonomous mode, and yet experience worse
traffic delays than if all vehicles were operated manually.

Subsequently, in Section IV, we examine the effects of
this model in the context of elastic traffic (that is, a set-
ting in which lower congestion leads to higher aggregate
demand, and vice versa). Here, we demonstrate using a
stylized economic model that it is possible for autonomous
vehicles to improve road congestion just enough that it
incentivizes increased road use in such a way that it degrades
overall social welfare. Most interestingly, this pathology can
occur even when increased autonomous vehicle penetration

1Naturally, self-parking vehicles would require a favorable regulatory
environment as well.
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nominally improves congestion for all users. This last point
is subtle, and related to the notion of “induced demand”
in transportation networks, a concept in which increased
roadway capacities essentially incentivize increased traffic
demand, potentially resulting in increases in aggregate con-
gestion [12], [13].

Our work borrows its congestion model partly from [5] in
the sense that autonomous vehicles are modeled to cause less
roadway congestion than human-driven vehicles. However,
in contrast to that work we are unconcerned with routing
choices, investigating instead self-interested mode choices.
The spirit of our results somewhat mirrors [8], which inves-
tigates several paradoxes of autonomous vehicles in which
aggregate congestion increases due to a combination of the
increased road capacities due to autonomous vehicles self-
interested routing choices of vehicle owners. Finally, the
results of this paper are qualitatively similar to those of [10]
which shows that urban congestion can increase due to
increase use of fleet-owned autonomous vehicles; though
in our model all vehicles are assumed to be operated by
individuals.

II. MODEL

A. Congestion and Mixed Autonomy Model

In this paper, we adopt a simple model of an urban
commute which contains a suburban area connected to an
urban center by a highway. We take the commuters to be
nonatomic; that is, there are infinitely-many drivers, each
having an infinitesimal effect on congestion. Traffic may
experience congestion both while driving on the highway and
once having reached the urban center; thus, we can simply
depict the model by the 2-link series network depicted in
Figure 1.2 The nominal delay experienced by vehicles on
a link is expressed by the following stylized version of the
well-known BPR latency function `(x) = axd + b, where x
denotes the mass of traffic using the link, and a ≥ 0, b ≥ 0,
and d ≥ 1 are link-specific constants [14].

Much recent work has been devoted to the phenomenon
that if a large proportion of the vehicles on a road are
autonomous, the road’s capacity can essentially be increased
by means of vehicle platooning; that is, autonomous vehicles
can operate with smaller vehicle-to-vehicle distances [5],
[6], [8]. Following [5], this increased capacity is captured
by the parameter µ ∈ (0, 1], which expresses the factor
by which autonomous vehicles can increase road capacity
on the highway. Writing fa and fr to denote the mass of
autonomous and regular vehicles (respectively), the benefits
of autonomy on the highway link are captured by the
augmented highway latency function,

`h(fr, fa) = ah (fr + µfa)
d
+ bh. (1)

2Note that for simplicity, we model the urban center as a single link; that
is, we implicitly model the congestion experienced by drivers as though
all drivers were experiencing average congestion. Though this entails some
loss of generality, we believe that it preserves the essential qualities of the
setting.

Fig. 1. Network depicting the commuter congestion model of the paper.

That is, from the standpoint of traffic congestion, the mass
of autonomous vehicles is simply scaled down by a factor
of µ.

In urban areas, it may be that autonomous vehicles do
not require a driver to be present to find parking: a self-
driving car could conceivably drop its occupants off directly
at their destinations and then depart empty to find parking.
This represents an appealing possibility for the driver as it
can reduce total transit time. However, note that this need
not result in fewer vehicle-miles being driven: dropping off
the driver is essentially a detour which can only increase the
distance traveled by the vehicle in its search of parking.

That is, in contrast to their benefits on the highway,
autonomous vehicles could actually cause more congestion
in urban areas than their human-driven counterparts, and we
capture this increase with a parameter λ > 1, which enters
the urban congestion function in the following way:

`u(fr, fa) = au (fr + λfa)
d
+ bu. (2)

From the perspective of the owners of the autonomous
vehicles, this degradation in congestion is subjectively mit-
igated by the fact that they exit their vehicles early, thus
avoiding any experience of the effects of this congestion.
We capture this subjective improvement by a parameter
β ∈ (0, 1) which expresses the fraction of an autonomous
vehicle’s urban journey during which it is occupied. That
is, occupants of autonomous vehicles only experience a β-
fraction of the urban transit time of their vehicles. We express
this by modeling the total cost experienced by occupants of
autonomous vehicles with the cost function

ca (fr, fa) = `h(fr, fa) + β`u(fr, fa). (3)

There is a natural relationship between λ and β: note that
low vehicle occupancy rates (i.e., low β) suggest that many
vehicles are driving around in search of parking and causing
additional congestion (i.e., high λ).

The occupants of human-driven vehicles, however, still
remain in their vehicles until they are parked, and thus
experience the full congestion cost of the network:

cr (fr, fa) = `h(fr, fa) + `u(fr, fa). (4)

Finally, the aggregate travel time experienced by society
is captured by the expression

C(fr, fa) = frcr(fr, fa) + faca(fr, fa). (5)
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B. Elastic Traffic

In Section IV, we consider the situation that demand is
elastic; that is, vehicle owners (both regular and autonomous)
may choose not to travel if latencies are too high. Intuitively,
different vehicle owners assign different values to travel; if
the latency on the network is higher than a driver’s value
of travel, that driver will simply stay home. We model this
with a demand curve, or a function D which maps latency to
aggregate demand. That is, D(`) specifies the total mass of
vehicle owners whose value of travel is at least `. We make
the standard assumption that D is strictly decreasing and
continuous so that there exists an inverse demand curve D−1,
where D−1(f) specifies the delay tolerated by the most-
tolerant f vehicle owners. Equivalently, D−1(f) specifies
the value of travel of the f -th most delay-tolerant vehicle
owner. We allow two independent demand curves Dr and
Da for regular and autonomous vehicle owners, respectively.

We say that (fr, fa) is an elastic equilibrium if

D−1r (fr) ≤ cr(fr, fa), and

D−1a (fa) ≤ ca(fr, fa),

and

fr > 0 =⇒ D−1r (fr) = cr(fr, fa), and

fa > 0 =⇒ D−1a (fa) = ca(fr, fa).

That is, if drivers from a population are choosing to com-
mute, it must be true that the least delay-tolerant commuting
member of that population is indifferent between travel and
staying home.

When considering elastic traffic, a variation on the cost
metric (5) is appropriate: here, measuring aggregate cost
is not sufficient, since different drivers experience different
benefits from travel. Instead, we now hope to maximize the
total welfare of society, which captures the aggregate benefits
less the aggregate commuting costs. Total welfare is given
by

W (fr, fa) =

∫ fr

0

D−1r (x)dx+

∫ fa

0

D−1a (x)dx− C(fr, fa).
(6)

For ease of analysis, we consider inverse demand curves
of the linear form

D−1r (x) = d0 − xdr (7)

and
D−1a (x) = d0 − xda. (8)

III. INELASTIC TRAFFIC

In this section, we assume that a fixed fraction α ∈ [0, 1]
of the total number of vehicles are autonomous; that is, they
are equipped with a self-driving feature, and that the owners
of these can choose whether they operate in regular mode
or in autonomous mode. Owners who choose to operate in
autonomous mode are then able to exit their vehicles early
(as described in Section II-A) and allow their vehicles to
proceed on to park themselves. Here, let f ∈ [0, α] denote the

fraction of autonomous vehicle owners who choose to drive
in autonomous mode. Supposing that the drivers are delay-
averse and want to arrive at their destinations in the lowest-
possible time, we say that f constitutes a Nash equilibrium if
every owner is selecting the operation mode which yields the
lowest travel time, given the choices of other vehicle owners.

We have the following easy proposition characterizing the
behavior which emerges from this self-interested choice:

Proposition 3.1: For all β < 1, at the unique Nash equi-
librium (which is also a dominant-strategy equilibrium) of
the mode-selection game, all drivers select autonomous mode
when it is available to them; that is, at Nash equilibrium,
f = α.

Proof: Let β < 1. Considering the cost functions (3)
and (4), note that when β < 1, it is always the case that

ca(fr, fa) < cr(fr, fa). (9)

That is, it is a strictly dominated strategy for any vehicle
owner to operate their vehicle in regular mode, yielding
that the unique Nash equilibrium (in dominant strategies)
activates the constraint f ≤ α.

A. Self-interested decisions of autonomous vehicle owners
may increase aggregate travel times

A central focus of this paper is that a “tragedy of the
commons”-type situation is possible as a result of increasing
availability of autonomous vehicles. To demonstrate this, in
this section we exhibit value ranges of various parameters
for which the increased urban congestion arising from low
occupancy rates in self-driving vehicles offsets the benefits
of vehicle platooning on the highways which serve urban
centers.

Toward this end, consider the special case of linear-affine
congestion functions (that is, d = 1 in expressions (1)
and (2)). Assuming that the population is operating at the
dominant-strategy Nash equilibrium described in Proposi-
tion 3.1, we let fa = α and fr = 1−α. Using (4) and (3), we
thus have the costs experienced by regular and autonomous
users (respectively) of

cr (α) = [(µ− 1)ah + (λ− 1)au]α+ ah + au + bh + bu,
(10)

ca (α) = [(µ− 1)ah + (βλ− 1)au]α+ ah + au + bh + βbu.
(11)

Our first result shows that regardless of how beneficial
autonomous vehicles are on the highway, the possibility
always exists that the additional behavior-induced costs in
urban environments render society’s aggregate costs worse
with high autonomy penetration. In the following, we slightly
abuse notation and write C(α) to mean the total latency (5)
evaluated at C(1 − α, α), assuming that all autonomous
vehicle owners are operating their vehicles in autonomous
mode as predicted by Proposition 3.1. Thus, C(1) is the total
latency experienced when all vehicles are autonomous, and
C(0) is the total latency when all vehicles are human-driven.
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Theorem 3.2: Whenever au > 0, for any µ ∈ (0, 1], there
exist values of λ > 1 and β < 1 for which C(1) > C(0). In
particular, C(1) > C(0) whenever

ah(µ− 1) + bu(β − 1) + au(λβ − 1) > 0. (12)

To illustrate these results, we present Figure 2, which
depicts threshold (12) for several sets of network parameter
values.

Proof: Let µ > 0 and let a network be given with ah ≥
0, bh ≥ 0, au > 0, and bu ≥ 0. Using the expressions (10)
and (11), we may derive the total travel time (5) as a function
of α:

C(α) = Aα2 +Bα+ C(0), (13)

where

A = au(1− λ)(1− β),
B = ah(µ− 1) + au(β + λ− 2) + bu(β − 1),

L(0) = ah + au + bh + bu.

Note that due to the definitions of au, λ, and β, it always
holds that A < 0, so the parabola defined by (13) is
concave. Thus, writing C′(α) := ∂

∂αC(α), we have that
C(α) > C(0) for some α > 0 whenever C′(α) > −C′(1).
By straightforward algebraic manipulations, we obtain that
C(α) > C(0) whenever

ah(µ−1)+bu(β−1)+au(αλβ+(1−α)(λ+β−1)−1) > 0.
(14)

Since the left-hand side of the above expression is strictly
increasing in λ, we are assured for some value of λ that this
is possible. In particular, we have C(α) > C(0) whenever

λ >
ah(1− µ) + bu(1− β) + au [(1− α)(β − 1) + 1]

au (α(β − 1) + 1)
.

(15)
Clearly, due to the parabolic form of C(α), if C(1) > C(0),

then C(α) > C(0) for all α ∈ [0, 1]. Thus, the theorem
is proved and C(1) > C(0) whenever (14) is satisfied with
α = 1:

ah(µ− 1) + bu(β − 1) + au(λβ − 1) > 0.

IV. ELASTIC TRAFFIC

Here, we investigate the case of elastic traffic demand
(see, e.g., “Elastic Traffic” in [15], also modeled in [16]).
In a transportation network, if travel times decrease due
to an increase in the penetration of autonomous vehicles,
this may have a secondary effect of increasing the total
number of drivers who choose to commute. Thus, even if
all commuters’ travel times are decreased, this could lead
to increases in traffic, which may preferentially degrade the
most congestible parts of the network and thereby actually
decrease welfare.

Our key question in this section is this: when does the
possibility of the presence of autonomous vehicles actually
degrade system performance as compared to the all-human-
driven case? To this end, define f ′r as an elastic equilibrium

Fig. 2. Depiction of the threshold on λ and β given in Theorem 3.2.
For a given value of β, the plotted line indicates the minimum threshold
on λ for which aggregage travel times are higher with full penetration of
autonomous vehicles than with all human-driven vehicles. All three curves
have au = 1 and µ = 0.5; the “Low,” “Moderate”, and “High” urban
congestibility curves correspond to ah = bu = 1, ah = bu = 0.5, and
ah = bu = 0, respectively. For low β (that is, autonomous vehicle owners
exit their cars very early upon arrival in the urban center), a very large value
of λ is required for full penetration of autonomous vehicles to cause severe
traffic congestion, but higher values of β allow lower values of λ to cause
the pathology.

in which there are no autonomous vehicles; this represents
an equilibrium setting in which all vehicles are driven by
human drivers. Next, define (f∗r , f

∗
a ) as an elastic equilibrium

in which autonomous vehicles do exist. Finally, we say that
a demand curve and network generate a welfare pathology if
the elastic equilibrium as defined above has lower welfare
than some all-human-driven elastic equilibrium with the
same demand curves and network; that is,

W (f ′r, 0) > W (f∗r , f
∗
a ). (16)

Our main result, Theorem 4.3, states that welfare patholo-
gies are indeed possible, even when autonomous vehicles
confer strict benefits when compared with human-driven
vehicles. We prove Theorem 4.3 through the following series
of lemmas.

Lemma 4.1: At any elastic equilibrium, the flow of regular
vehicles fr can be written as a function of the flow of
autonomous vehicles fa in the following way:

fr(fa) = max

{
− µah + λau
dr + ah + au

fa +
d0 − bh − bu
dr + ah + au

, 0

}
.

(17)
Likewise, the elastic equilibrium flow of autonomous vehi-
cles fa is a function of the flow of regular vehicles fr given
by

fa(fr)=max

{
− ah + βau
da+ µah+ βλau

+
d0 − bh − bu

da+ µah+ βλau
, 0

}
.

(18)
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Proof: Elastic equilibrium is defined as a profile of
flows at which every driver who is choosing to commute
is receiving nonnegative utility. That is, loosely speaking,
elastic equilibrium is the point where the cost and demand
curves of each population cross, subject to feasibility. Ini-
tially, to derive the flow functions, it is useful to relax the
positivity constraints on flow and represent the unconstrained
equilibrium as the fr and fa which jointly satisfy the
following equations:

d0 − drfr = (ah + au)fr + (µah + λau)fa + bh + bu,

d0 − dafa = (ah + βau)fr + (µah + βλau)fa + bh + bu.

The above equations can then be manipulated and the con-
straints reintroduced to obtain (17) and (18).

Lemma 4.2: The traffic equilibrium under elastic demand
is unique and always has fa > 0. There are two possibilities:

1) If λau(1 − β) < da, then the equilibrium has fa > 0
and fr > 0.

2) If λau(1 − β) ≥ da, then the equilibrium has fa > 0
and fr = 0.

Proof: Lemma 4.2 follows by a series of algebraic
manipulations of the equilibrium conditions (17) and (18).

Definition 1: We define χ as the autonomy cost factor

χ =
µah + λau
ah + au

, (19)

and γ as the trip shortening factor

γ =
µah + βλau
µah + λau

. (20)

Thus, χ > 0 and γ ∈ (0, 1].
Here, if χ < 1, this indicates that autonomous vehicles are

strictly beneficial for all; i.e., their benefits on the highway
outweigh their costs in urban centers. On the other hand, if
χγ < 1, this indicates that autonomous vehicles are strictly
beneficial for their owners, but possibly not for the regular
vehicles.

Theorem 4.3: If fr = 0 at equilibrium, then for all
networks and all demand curves, a welfare pathology exists
whenever χγ > 1. If χγ ≤ 1, then a welfare pathology is
guaranteed for all dr either if

da < (ah + au)
(
2− χγ − 2

√
1− χγ

)
, (21)

or if χ > 2, γ ≥ 4−χ
4 and

da > (ah + au)
(
2− χγ + 2

√
1− χγ

)
. (22)

See Figure 3 for a depiction of the relationship between
χγ and da which can induce a welfare pathology. By way of
interpretation, note that the upper bound on da given in (21)
indicates a relatively inelastic population of autonomous
vehicle owners, in the sense that they tolerate fairly high
costs before deciding to “stay home.” On the other hand,
the lower bound on da given in (22) indicates an elastic
population of autonomous vehicle owners – these drivers
are fairly cost-sensitive and more apt to stay home if costs

Fig. 3. Depiction of possible values of χγ and da which can cause a welfare
pathology in the case where fr = 0 and A = 1. That is, this figure deals
with the situation that at equilibrium, all vehicles on the road are autonomous
at equilibrium. The gray-shaded area represents combinations of χγ and da
which can admit a pathology, as described by Theorem 4.3 (see the theorem
statement for additional conditions on χ and γ). The crucial thing to note
here is that welfare can readily be reduced even if χ < 1, which indicates
that all commuters (even human drivers in regular vehicles) strictly benefit
from an increase in the penetration of autonomous vehicles. That is, the
introduction of nominally-helpful autonomous vehicles is rendered perverse
by the effects of self-interested user behavior.

are high. Thus, Theorem 4.3 indicates that both elastic and
inelastic drivers may result in a welfare pathology.

Proof: When fr = 0, the total welfare from (6) is given
by

W (0, fa) =

∫ fa

0

D−1a (x)dx− C(0, fa). (23)

Let f∗a be the equilibrium rate of autonomous vehicles (given
in closed form by (18)). Substituting the total latency (5),
total welfare becomes

W (0, f∗a ) =

∫ f∗
a

0

D−1a (x)dx− f∗a ca(0, f∗a )

=

∫ f∗
a

0

D−1a (x)dx− f∗aD−1a (f∗a ),

where the second equality follows from the definition of elas-
tic equilibrium. The specific demand curve expression (8),
the expression for f∗a from Lemma 4.1 and further manipu-
lations yield that

W (0, f∗a ) =
1

2
da(f

∗
a )

2 (24)

=
1

2
da

(
d0 − bh − bu

da + µah + βγau

)2

. (25)

A similar derivation gives the total welfare of the all-
human-driven elastic equilibrium as

W (f ′r, 0) =
1

2
dr(f

′
r)

2 (26)

=
1

2
dr

(
d0 − bh − bu
dr + ah + au

)2

. (27)

It can be verified that for any dr, the maximum value of
W (f ′r, 0) occurs when dr = ah + au, and that the resulting
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optimal human-driven welfare is

W opt(f ′r, 0) =
(d0 − bh − bu)2

8(ah + au)
. (28)

Thus, our task is to ascertain which values of da result
in the autonomous equilibrium giving worse equilibrium
welfare than (28):

1

2
da

(
d0 − bh − bu

da + µah + βγau

)2

<
(d0 − bh − bu)2

8(ah + au)
,

or, substituting the definitions of χ and γ from (19)
and (20) and writing K := (ah + au),

da
(da + χγK)2

<
1

4K
. (29)

Note that for any da > 0, (29) is satisfied when χγ > 1. In
addition, when χγ ≤ 1, then for any K > 0, (29) is satisfied
either when da > 0 is very close to zero or very large. The
derivation is tedious, but this second condition holds when

da < K
(
2− χγ − 2

√
1− χγ

)
(30)

and when

da > K
(
2− χγ + 2

√
1− χγ

)
. (31)

However, note that by Lemma 4.2, fr = 0 only when
da ≤ λau(1−β), so a welfare pathology can only exist with
large da when

da ∈
(
K
(
2− χγ + 2

√
1− χγ

)
, λau(1− β)

)
. (32)

Finally we simply need to characterize the parameters for
which the above interval is nonempty; that is, for which it
holds that

K
(
2− χγ + 2

√
1− χγ

)
− λau(1− β) < 0. (33)

By definition, Kχγ = µah + βλau and µah + λau = Kχ,
so after simplifying, (33) resolves to

2− χ+ 2
√
1− χγ < 0. (34)

The above is satisfied for χ ≥ 2 provided that γ ≥ (4−χ)/4,
as shown by the following derivation.

(2− χ)2 = 4(1− χγ)
4− 4χ+ χ2 = 4− 4χγ

χ(χ+ 4γ − 4) = 0,

providing the desired root and ultimately the desired inequal-
ity on γ. Note that the above inequality is always satisfied
if χ > 4.

V. CONCLUSION

The analysis in this paper is meant to provide an initial
look at some new issues surrounding the mass adoption
of autonomous vehicles, and in particular it demonstrates
a possible unintended economic consequence of increased
autonomous vehicle adoption. The initial results in this paper
prompt a closer look at this problem, and future work will
focus on extending the analysis to a more descriptive model,
more realistic demand characteristics, and to examine these
effects on routing behavior.
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