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Cooperation for Scalable Supervision of
Autonomy in Mixed Traffic
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Abstract—Advances in autonomy offer the potential for dra-
matic positive outcomes in a number of domains, yet enabling their
safe deployment remains an open problem. This work’s motivating
question is: In safety-critical settings, can we avoid the need to have
one human supervise one machine at all times? The work formalizes
this scalable supervision problem by considering remotely located
human supervisors and investigating how autonomous agents can
cooperate to achieve safety. This article focuses on the safety-critical
context of autonomous vehicles (AVs) merging into traffic consist-
ing of a mixture of AVs and human drivers. The analysis establishes
high reliability upper bounds on human supervision requirements.
It further shows that AV cooperation can improve supervision relia-
bility by orders of magnitude and counterintuitively requires fewer
supervisors (per AV) as more AVs are adopted. These analytical
results leverage queuing-theoretic analysis, order statistics, and
a conservative, reachability-based approach. A key takeaway is
the potential value of cooperation in enabling the deployment of
autonomy at scale. While this work focuses on AVs, the scalable
supervision framework may be of independent interest to a broader
array of autonomous control challenges.

Index Terms—Autonomous agents, human factors and
human-in-the-loop, intelligent transportation systems, scalable
supervision.

I. INTRODUCTION

G IVEN the complexity, chaos, and unpredictability of real-
world environments, safety is a critical challenge for

autonomous systems. This is particularly the case for mixed
autonomy systems, which refer to systems in which humans
and machines both exhibit control in the same environment [1].
Indeed, in an Allianz Global Assistance survey investigating de-
creasing interest in self-driving cars (one of the most-discussed
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mixed autonomy systems today), over 70% of respondents cited
safety as a reason for their lack of interest, representing increased
concern from the year prior [2]. Thus, improving safety in mixed
autonomy systems is not only an end in itself, but also is a
prerequisite for unlocking the benefits that such systems may
offer.

The question becomes: How can we achieve sufficient lev-
els of safety and performance even when formal guarantees
are elusive in a chaotic world? To investigate this topic, our
research borrows the idea of remote supervision from air traffic
control, in which a centralized controller coordinates agents for
safety.

A. Contributions

his work provides one perspective on the topic of improving
safety in mixed autonomy settings by investigating the online hu-
man supervision of autonomous vehicles (AVs) in an illustrative
merging task. To this end, we present a number of contributions
that—to the best of our knowledge—have not been addressed in
previous work.

1) We formalize the scaling supervision problem for online
autonomous agents and propose a “scalability” metric:
expected number of AVs per supervisor. In the process,
we propose the first (to our knowledge) large-scale remote
supervision and control framework for AVs and present
queuing-theoretic and statistical tools for analysis of such
systems.

2) We propose a reachability analysis-based method for AV
supervision. We provide a high reliability upper bound on
the expected supervision time required for a supervisor to
monitor a given AV’s merge, as well as a closed-form ex-
pression for the probability that the number of supervisors
is insufficient when merging tasks are pooled together and
distributed across multiple human supervisors.

3) Leveraging order statistics, we show that—interestingly—
cooperation of AVs enables supervision time inversely
related to AV adoption (i.e., the proportion of vehicles
in a traffic network that are AVs), as well as orders-of-
magnitude improvement in supervision requirements. An
implication of this result is that cooperation substantially
facilitates safe autonomous deployments at scale.

These outcomes suggest the adage, “An ounce of prevention is
worth a pound of cure,” applies here. That is, preventing the need
for supervision is more powerful than having more supervisors.
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II. BACKGROUND

A. Motivation

a) Safety in AVs: The question of AV safety is an open and
well-documented problem [3], [4], particularly in mixed auton-
omy traffic settings [5], [6]. Thus, the importance of safety in
any deployment of AVs is sufficient justification for investigating
supervision of autonomous agents in itself. Human supervision
of autonomous and semiautonomous agents has been shown to
improve system safety in other settings and is the de facto safety
backup method for driver-assist systems on the road today [7],
[8], [9]. If AVs replaced even a modest portion of US vehicles, the
number of lives depending on AV safety systems could number
in the thousands [10].

Moreover, AVs are not the only autonomous system with the
potential to inflict human harm. The authors anticipate that the
approach and lessons learned in this research can inspire future
work to improve the safety and performance of autonomous
agents in settings beyond society’s roadways, such as in manu-
facturing and other cyber-physical systems.

This work adopts an operational reliability perspective on
safety. That is, the proposed method does not guarantee crash-
free behavior, but rather focuses on identifying the resources
necessary to achieve human-level safety with an arbitrary de-
sired level of reliability. This is achieved via human supervi-
sion of the autonomous agents and thus the system’s ultimate
safety remains subject to human performance. The concept
of remote supervision is borrowed from air traffic control,
in which a human supervisor centrally coordinates agents for
safety [11].

b) AVs’ Benefits to Traffic Systems: While ensuring a suf-
ficient level of safety is an important end in itself, doing so
is foundational to the wider adoption of AVs, which can in
turn bring benefits including decreased traffic congestion and
traffic emissions. AVs can achieve outsized positive impact
without dominating roadways. Using AV policies learned via
reinforcement learning (RL), previous work shows that even
when AVs account for only 5%–10% of vehicles in a traffic
network, they can still boost the collective average speed of all
vehicles in the network by up to 57% in idealized settings [12].
Researchers found that improving traffic flows in California
can reduce highway carbon dioxide emissions by up to nearly
20%; this is particularly significant given that transportation
accounts for approximately a third of all US carbon dioxide
emissions [13].

c) Merging: The case of AVs merging onto a highway with
traffic is an appropriate task for investigating how we can scale
supervision for a number of reasons. First, it is a common occur-
rence that can pose difficult control and coordination challenges
for AVs [14], [15]. Given the speed at which freeway merges
occur, this task can result in deadly crashes. Indeed, successful
merging may sometimes rely on implicit communication be-
tween drivers or even nontraditional explicit communication,
such as hand waves. For these reasons a “sufficient level” of
safety in this article refers to that which capable and attentive
human drivers provide. This is achieved via the use of human
supervision.

Merging also presents unique challenges in mixed autonomy
settings. Were a system to consist entirely of AVs, a solution
may exist via decentralized or centralized coordination, but that
is much more difficult—if not impossible—for the foreseeable
future, in which human drivers still populate the roadways [16].
Due to its relative frequency, unpredictability, and potential for
impact across entire traffic systems, highway merging has been
a particularly important and popular maneuver to study [17],
[18], [19].

d) Other applications: The scalable supervision frame-
work, concepts, and formalization presented here are adaptable
to other autonomous machine settings. Within mixed autonomy
traffic environments, one could consider scalable supervision as
a means of supporting dedicated AV lanes on freeways. These
lanes have been shown in simulation to improve traffic effi-
ciency while also worsening on-road safety [20]. The potential
speed difference between AV-only and standard lanes present
a merging problem similar to the case studied here. Scalable
supervision would also be useful for the case of accident-prone
“hotspots” (construction sites, school zones, etc.) where con-
cerns arise about the potential behavior of AVs [21]. Each of
these is a practical instance of the scenario studied here.

Beyond traffic scenarios, reachability-based supervision scal-
ing that enforces safety constraints may be applicable to do-
mains as varied as warehouses, ports, airports, satellite or-
bits, and disaster response. Our work can be situated among
these domains along the axes of spatial scale and reliability
requirements. In robotics applications with human supervisors,
the spatial scale is on the order of meters or less, but reli-
ability requirements and response time conditions are not as
stringent [22], [23]. In human supervision of (increasingly au-
tonomous) air and maritime traffic applications, the reliability
requirements are high, but the spatial scale is on the order of
tens of kilometers or more, corresponding to a larger tempo-
ral scale [24], [25]. Our work seeks to improve supervision
of autonomous agents in a direction of both high reliabil-
ity (up to 99.9999%) and meter-scale spatial resolution. Note
that application to other domains requires computation of the
relevant reachable sets, but—as we will show—conservative
estimates of such sets in many of these applications may
provide useful approximations that are more computationally
efficient.

More broadly, policies learned via RL have demonstrated su-
perhuman performance in domains from board games and video
games to high-altitude balloon control and simulated fighter jet
combat [26], [27], [28]. However, deep RL methods lack the
convergence guarantees of more traditional RL approaches, and
thus cannot be trusted in safety-critical settings [29], [30].

This work is similarly relevant to imitation learning, another
approach to AV deployment that struggles to reliably maintain
safety [31]. While progress has been made on various imitation
learning challenges, in practice humans remain a fail safe [32].

B. Related Work

This research draws from interesting and important related
work in at least three areas of the literature: human–artificial
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intelligence (AI) teaming, supervision and cognitive models, and
reachability analysis.

a) Human–AI teaming: Relevant work includes that from
the human–robot interaction subfield in multiagent systems,
which explores how to reduce a single human operator’s cog-
nitive load from scaling linearly with the number of robots
controlled. A significant portion of this work investigates the
possibility for well-designed interfaces to reduce task bur-
den or for learned models of human preferences to automate
human–machine control handoff (also called, sliding, shared,
or adjustable autonomy) [33]. Our work expands this effort by
considering the shared autonomy situation in which strict safety
guarantees must be maintained, and extends this line of work
into the mixed autonomy traffic setting.

Research, such as that described in [34], seeks to optimize
the allocation of limited human assistance (via a decision sup-
port system) to multiple robots performing tasks in a given
environment. The machines in these works benefit from human
assistance, but do not exhibit the strict safety-critical require-
ments of AVs in traffic. As such, these works also place greater
emphasis on computing and comparing the various assistance
permutations. Such comparisons are not necessary given our
binary approach to safety and strict safety requirements (i.e., no
suboptimal safety configurations are permitted).

b) Scalable supervision and cognitive models: To the best
of our knowledge, previous work concerned with decreasing
the time burden of human supervision of autonomous tasks
tends to be directed at empirical studies of a single human
monitoring multiple UAVs (unmanned aerial vehicles) [35],
[36], [37]. Relatedly, human–robot interaction theory developed
in the early 2000s considers “fanout,” the number of robots that
a human can effectively control [36], [37], [38], [39], [40], [41].
While philosophically aligned with our work on some levels,
in the AV merge setting we isolate a single task to analyze and
face safety challenges unique to the mixed autonomy setting.
In addition, the mixed autonomy AV setting considered here is
arguably higher stakes than a typical UAV setting, as it includes
human drivers operating in the same vicinity; crashes would
more likely involve human fatalities.

Our work can be seen as complementary to the research
described in [42] and [43], which also applies air traffic con-
trol principles to human, remote supervision of AV fleets. Our
reliability metric parallels the “exceedance probability” in [43],
but whereas that work’s queuing analysis assumes batch arrivals
of simulation-generated tasks upon which humans provide input
(but not direct control), supervision tasks in our case are assigned
to individual remote operators who control the vehicle for the
entire task duration. More broadly, our approach to defining
the conditions requiring supervision is compatible with these
works, which assume AVs can predict such scenarios. Finally,
these works do not consider how AV cooperation can facilitate
supervision scaling.

A closely related work is that on scaled autonomy by Swamy
et al., in which the authors investigate how to assist an operator in
selecting which robots in a fleet most require teleoperation [44].
Our work differs by seeking to minimize the supervisor’s active
control time (the teleoperator in that work is never idle) and the

mixed autonomy setting at the heart of our work must maintain
strict safety standards.

Broader research in this direction has considered a single ma-
chine supervisor observing vehicles with known paths [45] and
algorithmic supervision of human drivers—in which a machine
overrides human driving controls when the human is behaving
in ways known to be unsafe [46].

c) Reachability analysis: At its most basic, reachability
analysis is about identifying the set of states that a dynami-
cal system could enter—the “reachable states” or “reachable
set”—given all admissible inputs and parameters [47]. A vari-
ety of methods exist for doing so; a common tradeoff among
these is that between approximation and computational ineffi-
ciency [48], [49]. Methods, such as sampling-based approaches
may require less computation, but they are not fully conservative,
meaning they are not guaranteed to compute the reachable
set [49]. For safety-critical applications, such approximations
may be unacceptable.

One method for computing the exact reachable set is
Hamilton–Jacobi (HJ) reachability. HJ methods can handle
nonlinear system dynamics and allow for formal treatment
of bounded disturbances, but suffer exponential computational
complexity in terms of the number of state variables [50]. For-
tunately, the vehicle dynamics and merging problem structure
allow us to adopt a fully conservative approach while avoiding
the computational complexity. Our proposed reachability-based
method calculates the exact reachable set for each vehicle in
O(1) time. However, we note that utilizing other mechanisms of
computing conservative reachable sets (such as HJ reachability)
could be used in future work generalizing to more scenarios [50].
Other work that seeks to integrate reachability analysis and
AVs relaxes the conservatism of their approaches by making
assumptions about human driving behaviors [51], or by not
accounting for the full range of system dynamics [52]. The need
remains for an approach that maintains strict safety guarantees.

III. FORMALIZING SCALABLE SUPERVISION

In this section, we provide a formalization of scalable super-
vision.

A. Formalizing Scalable Supervision

At its core, the two goals of scaling supervision are to reduce
the number of necessary human interventions and to reduce the
time required for those that must occur. One way to do this (our
approach) is by utilizing reachability analysis to identify when
a merging AV is in danger of colliding with another vehicle in
the system, and activate human control of the AV only at that
time. This prevents unnecessary human interventions (e.g., for
a merge when no other vehicles are around), and only calls for
supervision at the moment transition of control is necessary,
achieving the two goals previously. It is also important to note
that “safety” in this article is not synonymous with crash-free
behavior. This aligns with the operational reliability perspective
on safety described previously. Since the safety backup for the
AV is a human driver, the ultimate safety of the system remains
subject to human fallibility.
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Fig. 1. General illustration of the reachability conditions that would activate
a human supervisor. The yellow rectangular zones represent the reachable
distances over time horizon t for each vehicle. When the merge point (marked
by the red cross) is within both vehicles’ reachable zones, there is a possibility
of an accident in the time horizon and the supervisor activates.

To understand how our approach works, first imagine an AV
on an on-ramp merging into a highway on which a human
vehicle (HV) is already driving. The objective is to prevent
the two vehicles from colliding during the AV’s merge, so the
reachability question, simply put, is whether it is possible for
both the AV and HV to get to the merge point over some finite
time horizon t. The intuition here is that a supervisor need not
assume control of the AV if a potential collision is far in the
future; it is enough to assume control before the potential crash
but with enough time to avoid it comfortably. We can vary t to be
more or less cautious in any given scenario. In at least one setting
humans required 5–8 s to safely assume control of a vehicle; this
is the time window we adopt in generating results [53].

The reachability question naturally decomposes into two in-
dependent subquestions: 1) Can the HV reach the merge point?
and 2) Can the AV reach the merge point? That is, for each
vehicle, is the distance it would travel if it were to apply its
maximum acceleration over the horizon t greater than or equal
to the distance between that vehicle’s current position and the
merge point? If the answer to both subquestions is “yes,” then
human supervisor control of the AV must be activated to ensure
human-level safety. See Fig. 1 for a visual representation.

We can write this more formally: the horizon tsup within which
the supervisor must assume control of a merging AV for safety
(denoted by the AV subscript) is

tsup = min{t | t ≥ 0, (dHV(vHV,0, aHV,max, t) ≥ dm,HV)

∧ (dAV(vAV,0, aAV,max, t) ≥ dm,AV)} (1)

where, di(vi,0, ai,max, t) is the maximum distance vehicle i can
travel in time horizon t and is a function of that vehicle’s initial
velocity vi,0 and its maximum acceleration ai,max, dm,i is the
distance between vehicle i (either an HV or an AV) and the merge
point m, and the HV is on the highway onto which the AV is
merging. The road networks considered here are limited to one-
lane roads and thus considering a vehicle’s maximum forward
distance is sufficient. This amounts to the most conservative
reachability for the given time horizon: there is no location that

Fig. 2. Illustrative vehicle merging scenario. A merging AV’s path is indicated
by the blue arrows; it enters via an on-ramp on the right-hand side of the circular
highway and exits via the off-ramp at the bottom. This AV’s merge point is
indicated with the red marker. Human vehicles are shown in gray. AVs are
shown in blue. (Not to scale; modified for visibility.)

the vehicle could reach over t time that is not within its reach-
ability zone. Note that this maintains safety guarantees even
when generalizing to cases in which two-dimensional motion
is considered (such as by adding lane changes). The maximum
distance reachability formulation still provides a conservative
reachable zone because side-to-side motion only can reduce
the distance along the road that the vehicle travels, rather than
increase it.

B. Scenario

Because this work focuses on merging, the analysis begins by
considering a large rotary traffic network, which approximates
a highway with multiple on-ramps and off-ramps. The ring
road at the core of the structure is a well-studied setting in
traffic literature and has been shown to mimic traffic congestion
patterns that might occur on an infinite roadway [54]. The ring
therefore emulates a highway. Merging vehicles enter the system
via the on-ramps, merge into the ring road, and then exit via
off-ramps (see Fig. 2).

Since this is a mixed autonomy system, we consider both AVs
and HVs. Acceleration profiles are parameterized via the widely
used intelligent driver model (IDM), which has been shown to
emulate the actual behavior of human drivers [55], [56]. We first
present analysis for mixed autonomy traffic with unconnected
AVs (UCAVs). These are AVs that cannot communicate with
other AVs in the system (but still allow for remote supervision).
Next, we consider noncooperative connected AVs (NCAVs)—
also using IDM—to investigate the supervision scaling impli-
cations of connected AVs. These are modeled such that they
can communicate with other connected AVs in the system, but
do not alter their behavior to accommodate merging connected
AVs. We will see that they allow for linear improvements in
supervision scaling. Finally, we analyze cooperative connected
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TABLE I
VEHICLE TYPES AND KEY PROPERTIES. ALL AVS ARE ASSUMED TO ALLOW FOR REMOTE SUPERVISION AND CONTROL; THE CONNECTIVITY REFERENCED IN THE

TABLE (“UNCONNECTED,” “CONNECTED,”) REFERS TO AN AV’S ABILITY TO COMMUNICATE WITH OTHER AVS IN THE SYSTEM, IN PARTICULAR THE MERGING AV

AVs (CCAVs): these represent supervision-aware AVs that not
only can communicate with other connected AVs in the system,
but also seek to assist merging connected AVs to effectively join
highway traffic while reducing the need for human supervision.
Via analytical results we show how the teaming of CCAVs
enables orders-of-magnitude improvement in supervision re-
quirements. See Table I for a summary of the vehicle types
and their properties. Note that all AVs (including UCAVs) are
assumed to allow for remote supervision and control.

IV. THEORETICAL ANALYSIS

By applying reachability analysis to the problem of AV merg-
ing, a number of bounds can be derived for the settings in which
we are interested. To analytically quantify the risk and scalability
of supervision, we take a queuing theoretic approach in this
section to analyze long-term steady-state conditions.

This analysis begins with a description of an upper bound on
the supervision requirements for the scenario in which a group
of remote supervisors manage merges for an arbitrarily large
number of on-ramps, as well as a closed-form expression for
calculating the probability that AVs need supervision but cannot
receive it. This is of particular interest because it allows for the
characterization of the risk associated with a system with a fixed
number of supervisors. Conversely, it allows one to calculate
the number of supervisors necessary to achieve a desired level
of supervision safety. After the provision of the upper bound
and analysis of the UCAV and NCAV settings, an analysis of
the “typical case” is provided, wherein the expected supervision
scaling gains via (supervision-aware) CCAVs are described.

Let C be a potential conflict event. Here this refers to the joint
event that a merge point falls within the reachable zone of at least
one vehicle in the ring (event Cin) and that the same merge point
falls within the reachable zone of a vehicle outside the ring that is
attempting to merge in (eventCout).Cin andCout thus correspond
to the subquestions outlined in Section III-A. In different settings
one may consider alternative dangerous situations and methods
other than reachability analysis to indicate them. One necessary
component of the remote supervisor analysis is a characteriza-
tion of P (Cin), that is, the probability that the merge point falls
within the reachable zone of at least one vehicle on the ring.
The analysis further below investigates this by considering how
an upper bound on P (Cin) varies in the settings in which the
in-ring vehicles are entirely HVs, a mix of HVs and NCAVs, and
finally a mix of HVs and (supervision-aware) CCAVs. Note the
NCAVs are not antagonistic; they do not seek to inhibit merges,
but simply do not alter their path to accommodate them.

It is important to first note that we can rewrite (1) using
kinematics. We allow each vehicle to take any nonnegative
velocity v ∈ [0,∞) and only assume finite vehicle accelera-
tion ai ∈ [ai,min, ai,max]. This provides conservative, physics-
informed safety: it is impossible for a vehicle to cover more
distance than it does when maximally accelerating over the time
horizon’s duration. Thus, preserving this view of reachability re-
quires accounting for the worst-possible case, and the reachable
set for vehicle i at position 0 is [0, di(vi,0, ai,max, t)].

This conservative approach to reachability has the ancillary
benefit that vehicle i’s reachable distance in the given time
horizon can be written simply

di(vi,0, ai,max, t) = vi,0t+
1

2
ai,maxt

2. (2)

While this work uses IDM values for the vehicles’ maximum
accelerations, in practice acceleration profiles can be derived
from data for determining a pragmatic upper bound for a given
setting [57]. Similarly, one could consider decoupling t in the
above from vehicle dynamics. For example, it (or even the
reachable distance itself) could be provided by a prediction
system that estimates vehicles’ forward progress [58]. This work
uses the kinematics-based approach to maintain strict safety
requirements, but we expect much of the analysis to apply to
less conservative approaches. In light of this, in the statements
below these components are left as variables (although some-
times omitted from explicit inclusion for ease of exposition).
Specific values are only applied during the generation of the
numerical results and are sourced from relevant literature. With
this in mind, we turn to the challenge of characterizing the
multiple-supervisor, multiple-merge case.

A. Multiple Supervisors Monitoring an AV Fleet

We consider a future setting in which a team of human
supervisors located remotely could monitor a fleet of AVs and
assume remote control if necessary. A natural question would
be: how many supervisors are necessary?

Theorem 1: Suppose we have k remote supervisors and
n on-ramps on which AV s appear and trigger the on-
ramp supervision condition with independent arrival processes
Poisson(λ1), . . .,Poisson(λn). Suppose the service rate of each
remote supervisor follows Exp(μ).

The fraction of AVs that require supervision but cannot im-
mediately receive it (and thus go unsupervised) is given by

Pk =
(λ/μ)k/k!∑k
i=0(λ/μ)

i/i!
(3)
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where, λ =
∑n

j=1 λjP (Cin), P (Cin) is the probability that an
in-ring vehicle will trigger its supervision condition, and λ < μ
in order to have a valid steady state probability.

Proof: Allow different on-ramps to have different arrival rates
λ1, . . ., λn. Because the supervision tasks are allocated to a
centralized group of remote supervisors, the problem reduces
from a tasking situation involving n separate queues to a single-
queue tasking case. Given the additivity of independent Poisson
random variables [see (30) in the appendix], the arrival rate of
AVs requiring supervision follows Poisson((

∑n
j=1 λj)P (Cin)).

Poisson arrivals are known to successfully model true vehicle
arrivals and are commonly used highway on-ramp arrival mod-
eling [59], [60], [61], [62]. Exponential service rates are used
in modeling air and roadway traffic supervision tasks in [42]
and [63]. Set

λ =

⎛
⎝ n∑

j=1

λi

⎞
⎠P (Cin).

Let X be the random variable denoting the number of AVs
requiring control at an arbitrary point in time. Without loss of
generality, assume λ1 = . . . = λn = λ̂/n for some constant λ̂,
then the AVs arriving on the on-ramp trigger the supervision con-
dition following the distribution X ∼ Poisson(

∑n
i=1 λ̂/n) =

Poisson(λ̂) [again, see (30) in the appendix]. Let Y be a random
variable denoting the number of AVs that need to be supervised.
We know Y |X ∼ Binomial(X,P (Cin)) where P (Cin) can be
obtained from the in-ring vehicle’s reachability condition and
will be derived further in the following.

By (29) (see Appendix), we have that Y ∼ Poisson(λ̂P (Cin))
is the arrival process for AVs that need to be supervised. Then,
the problem reduces to an M/M/k queue with arrival process
Poisson(λ̂P (Cin)), service rate Exp(μ) for each supervisor, and
finite capacity k. The finite capacity is due to the fact that when
all supervisors are busy, any additional on-ramp AVs requiring
supervision will be rejected immediately. These cases cannot
wait on the queue for future service as their needs are imme-
diate; that is, to maintain safety, once the on-ramp and in-ring
conditions are triggered for a given merge, a supervisor must
immediately supervise the merge. Thus, the rejected cases that
the pool of k supervisors cannot immediately service represent
dangerous situations.

For an M/M/k queue with no waiting space, both the steady
state probability and loss formula are known [64]. The expres-
sion for the steady state probability is

Pq =
(λ/μ)q/q!∑k
i=0(λ/μ)

i/i!
(4)

where, q ∈ {0, . . . , k}. Then, q represents the number of AVs
requiring supervision, k is the total number of supervisors (as
previously defined), the arrival rate is λ = λ̂P (Cin), and μ is
kept as the service rate. The loss formula here represents the
fraction of AVs that require supervision but cannot immediately
receive it (and thus go unsupervised), and the result follows. �

Based on (3), the expected number of supervisors needed is
the smallestk such thatPk ≤ δ for some risk tolerance of interest
0 < δ << 1. Various examples of the relationships encoded

in (3) are visualized in Figs. 3 and 4 for a mixed HV/UCAV
traffic network setting (described in the following) with fixed
inflow and service rates. These trends were found to hold across
a variety of configurations. In short, these answer the question,
“How many supervisors do I expect to need?” in the UCAV case,
assuming the questioner can define their risk threshold δ.

In the previous, observe that—due to the functional reduction
of the n inflows to a single task queue serviced by the k
supervisors—the exact number of on-ramps does not directly
affect the steady state probability or loss formula, except insofar
as the individual arrival rates λ1, . . ., λn contribute to the global
arrival rate.

We recognize that the exponential distribution of service times
inherent to a Poisson process can present unrealistic scenarios
(service rarely takes zero time). Indeed, this is a known limitation
when using Poisson processes for modeling physical systems.
A truncated exponential distribution can mitigate this issue and
can be handled explicitly using discrete event simulation. The
numerical analysis below adopts ratesμ substantially larger than
the reachability horizon to implicitly account for this shift.

Finally, note the importance of the in-ring reachabilityP (Cin)
in determining whether an AV requires supervision. This fol-
lows naturally from the problem formalization, in which both
the in-ring and on-ramp supervision conditions (reachability
conditions) must be met in order for a merging AV to require
supervision. The following sections provide insight into this
term. The abovementioned equations are provided as functions
of P (Cin), among other variables. In the following lemmas,
corollaries, and theorem, we consider various cases where we
can computeP (Cin) analytically to investigate how the system’s
supervisability under various conditions.

B. In-Ring Reachability for Mixed HVs and UCAVs

Lemma 1: Given a single-lane ring road of circumference c
with R (HVs or UCAVs) distributed uniformly at random (but
not necessarily independently) along the length of the ring, the
probability that an arbitrary fixed point on that ring is reachable
over time horizon t by a vehicle is bounded above as follows:

P (Cin) ≤
∑R

i=1 di(vi,0, ai,max, t)

c
(5)

where, di(vi,0, ai,max, t) is the reachable range for vehicle i over
the time horizon.

Proof: Suppose X is the fixed merge point and the R uncon-
nected vehicles are composed of R− S HVs and S UCAVs. Let
Hi be the asymmetric distance (following traffic flow) between
the ith in-ring unconnected vehicle and X . Then the event

Cin = ∪R−S
i=1 {HV i triggers supervision cond.}

∪ (∪S
j=1{UCAV j triggers sup. cond.})

= ∪R
i=1 {Hi ≤ di(vi,0, ai,max, t)} (6)

where, the first equality comes from the fact that the event
Cin happens if any of the unconnected vehicles triggers the
supervision condition, and the second equality comes from
the reachability analysis for each HV and UCAV. Because the
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Fig. 3. Illustration of the relationships in (3) for the “baseline” case with UCAVs. f is the total vehicle inflow rate. “AV penetration rate” refers to the percentage
of vehicles in the system (including inflows) that are autonomous. Note that as the AV penetration rate grows, so does the number of supervisors needed to maintain
a given safety threshold. This is because the number of merging AVs grows with greater penetration rates. Also note how altering P (Cin) affects the plots through
its effect on λ. The µ value represents monitors that can supervise a merge in an average of 30 s. The selection rationale for the values of µ and f is described
in Section IV-I.

Fig. 4. Visualization of the reliability thresholds in the UCAV case, where
the “reliability” metric is calculated as 1− Pk . For example, 99.9% reliability
means that of 1000 AVs requesting a supervisor due to reachability conditions
being violated, 1—on average—will not receive it. This does not necessarily
mean a crash occurs, but that one is possible and no human supervisor is available
to monitor the situation. As AV penetration increases, the system’s ability to
maintain adequate supervision drops monotonically. Note the logarithmic y-axis.

UCAVs cannot communicate with other vehicles in the system,
merging AVs must adopt the same conservative approach applied
to HVs. Indeed, from the merging AV’s perspective, HVs and
UCAVs are functionally indistinguishable.

Applying a union bound to the joint probability event in (6),
we have

P (Cin) ≤
R∑
i=1

P ({Hi ≤ di(vi,0, ai,max, t)})

=
R∑
i=1

di(vi,0, ai,max, t)

c
(7)

where, the last equality comes from our assumption that each
vehicle’s location is distributed uniformly at random along the
length of the ring, i.e., Hi ∼ U([0, c]). This uniform distri-
bution is a product of the infinite uniform roadway that the
ring road simulates [54]; even if traffic occurs, it is equally
likely to do so at each point on the road. Furthermore, be-
cause this work focuses on merging into free-flowing highways,
nonuniform congestion is beyond our scope. However, note
this does not require each vehicle’s location be independent
of other vehicles’ positions; this is investigated further in the
following. �

The uniform distribution assumption previously may be sat-
isfied both by a) a situation in which traffic is flowing freely
around the ring, and b) a setting with stop-and-go traffic where
the congestion is equally likely to occur at any point within the
ring. A case not covered by the lemma is one in which congestion
routinely occurs around the merge point, but this case is beyond
the current scope of work given our focus on safety in high-speed
merges.

C. Joint In-Ring and On-Ramp Reachability for Mixed HVs
and UCAVs

Lemma 2: Given a single-lane ring road of circumference c
with R (HVs or UCAVs) distributed uniformly at random (but
not necessarily independently) along the length of the ring, and a
merging vehicle q distributed uniformly at random along an on-
ramp of length lon−ramp, the joint probability that the on-ramp’s
merge point into the ring road is reachable over time horizon t
by both an in-ring vehicle and the on-ramp vehicle is bounded
above as follows:

P (C) = P (Cin)× P (Cout)

≤
∑R

i=1 di(vi,0, ai,max, t)

c
× dq(vq,0, aq,max, t)

lon−ramp
(8)
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where, di(vi,0, ai,max, t) is the reachable range for vehicle i over
the time horizon t.

Proof: Without loss of generality, we assume a sufficiently
long on-ramp, i.e., lon-ramp ≥ di(vi,0, ai,max, t).

The abovementioned follows from analyzing the joint proba-
bility of independent events. The rightmost termP (reachon-ramp)
is the probability that an arbitrary point on the on-ramp is within
the reachable zone of merging vehicle q over horizon t, and
follows similar logic to that used for writing P (Cin). �

Consequently, this also relies upon the assumption that the
likelihood of finding the merging vehicle in a given position
is evenly distributed across the on-ramp. This assumption is
more tenuous in this case than it was in Lemma 1 because
in situations of interest (such as when traffic exists on the
highway) the AV may have to yield. This would cause the AV
to spend a disproportionately large amount of time just before
the merge point. A more thorough on-ramp analysis would also
have to account for the interaction between AV behavior and HV
responses; this is an interesting direction for future work.

D. In-Ring Reachability for Mixed HVs and NCAVs

Now consider how a mixed autonomy system with NCAVs
may improve the situation. NCAVs may communicate their near-
term trajectories but are not assumed to alter their trajectories
to avoid triggering supervision in the system. That is, they do
not actively accommodate merging vehicles. The benefit of this
connectivity is that in-ring NCAVs’ reachable zones can be
reduced from where they might be to where they will be, along
with a desired safety buffer. This can have a substantial impact,
as the kinematics-based reachability accounts for a vehicle’s
maximum possible acceleration and is thus likely to overestimate
the true distance. This decreases the probability that they trigger
the in-ring reachability condition. Further discussion of this
point–with particular emphasis on the NCAVs’ ability to predict
their trajectories—is provided after the corollary’s presentation.

Corollary 1: Given a single-lane ring road of circumference c
withR− S HVs and S NCAVs distributed uniformly at random
(but not necessarily independent of each other) along the length
of the ring, the probability that an arbitrary point on that ring is
reachable over time horizon t by a vehicle is bounded above as
follows:

P (Cin) ≤
∑R−S

i=1 di(vi,0, ai,max, t) +
∑S

j=1 lj

c
(9)

where, di(vi,0, ai,max, t) is the reachable zone for vehicle i over
the time horizon and lj is the length of NCAV j. Note that one
may define lj to include a safety buffer.

Proof: Let Hi be the asymmetric distance (following traffic
flow) between the ith in-ring HV (i = 1, . . ., R− S) and the
fixed merge point at the current time t = 0. Let Ãj be the asym-
metric distance between the jth in-ring NCAV (j = 1, . . ., S)
and the fixed merge point at future time t = tf . Due to the
connectivity, we know the near-term trajectory of the NCAVs
and hence the location of the in-ring NCAVs up to future time
t = tf , so NCAV j triggers supervision if its future location at
time t = tf has distance less than its length lj (i.e., if it is directly

at the merge point). lj could be expanded to include a safety
buffer. In addition, the corollary’s assumption saysHi ∼ U [0, c]
and Ãj ∼ U [0, c].

Then we similarly have the event Cin as the event that any of
the HVs or NCAVs trigger supervision

Cin =
(∪R−S

i=1 {HV i triggers sup. cond.})
∪ (∪S

j=1{NCAV j triggers sup. cond.})
=

(∪R−S
i=1 {Hi ≤ di(vi,0, ai,max, t)}

)
∪
(
∪S
j=1{Ãj ≤ lj}

)
. (10)

Applying a union bound to the joint probability event in (10)
results in

P (Cin) ≤
R−S∑
i=1

P ({Hi ≤ di(vi,0, ai,max, t})

+

S∑
j=1

P ({Ãj ≤ lj})

=
R−S∑
i=1

di(vi,0, ai,max, t)

c
+

S∑
j=1

lj
c
. (11)

�
The tf term need not explicitly appear in these expressions

because an NCAV’s location is independent of the merge point,
and thus tf is unnecessary for assessing probabilities (as opposed
to individual instances).

It is worth further examining connected AVs’ ability to pre-
dict and communicate their trajectory. Trajectory planning is a
well-studied problem in AVs [65]. However, mixed autonomy
settings present unique challenges to trajectory planning—while
AVs can plan their own trajectories over a given time horizon in
isolation, the human drivers on the road are unpredictable. How
can AVs predict their own trajectories when sharing the road
with human drivers?

First, note that faster-than-expected HVs in this setting do
not pose a problem for the connected AVs’ trajectory planning;
indeed, if they speed further ahead, the AVs have more space.
The instances which might be problematic are those in which an
HV quickly slows.

However, even here the problems subside upon further anal-
ysis. If an HV sharply brakes far ahead of the merge point, the
connected AVs behind it are also far from the merge point, and
thus do not pose a collision risk for the merging vehicle. If an
HV sharply brakes far after the merge point, no connected AV
near the merge point will be substantially affected, especially
not immediately.

Thus the instances of concern are further limited to those
cases in which an HV rapidly brakes near the merge point
when an on-ramp vehicle is about to merge. However, if the
HV of concern is just prior to the merge point, note that it will
have already triggered the supervisor, so any adjustment of a
connected AV’s propensity to trigger the supervision condition
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is redundant. (Recall that once a supervisor is triggered, it
supervises the entire merge.)

The remaining case is that in which an HV has just passed the
merge point when it rapidly decelerates. Yet the only way an HV
manages to pass the merge point without triggering supervision
is if the merge point is beyond the on-ramp vehicle’s reachable
zone during the entire time that same point is within the HV’s
reachable zone. Therefore, even in this final case of concern,
if the HV behaves erratically, there remains the entirety of the
reachability time horizon for the connected AV to respond—
and likely significantly more, given that the merging vehicle’s
reachable zone assumes its maximum acceleration.

Note that in these cases ultimate safety still depends on the
ability of the human supervising the merging AV to respond to
traffic conditions appropriately (as one would expect for any
human driver). The abovementioned analysis simply explains
the in-ring NCAVs’ ability to reduce the uncertainty in their
reachability zones from where they might be to where they
will be. This reduces the odds supervision requirements will be
triggered while still preserving the time horizon for a supervisor
to respond, should one be needed. Of course, as discussed
previously, unforeseen events can occur, but that is beyond the
scope of this research focusing on the merge event.

E. In-Ring Reachability for Mixed HVs and cooperative
(supervision-Aware), Connected AVs (CCAVs): Worst Case

Now consider how a mixed autonomy system with connected
AVs that cooperate to avoid triggering supervision (that is,
supervision-aware CCAVs) may improve upon the previous
cases. Recall that both CCAVs and NCAVs may communicate
their near-term trajectories to merging AVs. However, whereas
NCAVs do not alter their trajectories to accommodate merging
AVs, CCAVs can alter their trajectory to assist AVs to merge
without triggering human supervision.

We first consider a worst case improvement. Then, in Sec-
tions IV-F and IV-G, we consider the improvement given more
typical cases with the CCAVs.

Corollary 2: Given a single-lane ring road of circumference c
with R− S HVs and S (supervision-aware) CCAVs distributed
uniformly at random along the length of the ring, the probability
that an arbitrary point on that ring is reachable over time horizon
t by a vehicle is bounded above as follows:

P (Cin) ≤
∑R−S

i=1 di(vi,0, ai,max, t)

c
(12)

where, di(vi,0, ai,max, t) is the reachable zone for vehicle i over
the time horizon.

That is, the previous upper bound in Corollary 1 is im-
proved by dropping the

∑S
j=1

lj
c term.

Proof: Again, let Hi be the distance between the ith in-ring
HV (i = 1, . . ., R− S) and the fixed merge point at the current
time t = 0. We assume Hi ∼ U [0, c].

Given the fixed merge point and a perfect control of its
trajectory during the length t̃ planning interval, so long as t̃
is sufficiently long, there exists a control input (sequence of
accelerations over the planning horizon) such that the CCAV is

not at the merge point at t = tf with probability 1. For example,
this could consist of slowing down or speeding up to create
a gap for the merging AV. See more discussion of t̃ below.
So the event {CCAV j triggers supervision condition} = ∅, i.e.,
does not occur. Hence, the above upper bound improves from
the previous one in Corollary 1 with the

∑S
j=1

lj
c term.

In the worst case, the order of HVs and CCAVs (with respect
to the merge point) is adversarially distributed, such that 1)
all the HVs are asymmetrically closer than all CCAVs to the
merge point (when moving in the forward direction), and 2) all
HVs have nonoverlapping reachability zones. In this case the
CCAVs cannot influence any HV’s behavior at the merge point,
so it is possible for any HV to trigger the supervision condition.
Furthermore, the HVs’ combined reachability zone is achieving
its maximum coverage over the ring.

The event that an in-ring vehicle triggers supervision is thus
due to the HVs

Cin = ∪R−S
i=1 {HV i triggers sup. cond.}. (13)

The union bound gives

P (Cin) ≤
∑R−S

i=1 di(vi,0, ai,max, t)

c
. (14)

�
Note that t̃ is distinct from the reachability time horizon t, and

in practice would likely be much smaller. t̃ simply corresponds to
the case in which the planning interval is too short for the CCAV
to avoid the merge point. For example, if a merging AV appears
on the on-ramp when an in-ring, supervision-aware CCAV is just
before the merge point and moving quickly, there may not exist
sufficient time for the in-ring CCAV to brake—and thus block
any HVs behind it from interfering with the merge—before its
momentum carries it past the merge point. Note also that t̃ should
also account for reasonable response times in vehicles follow-
ing the CCAV. Indeed, the analysis in the following examples
assumes the blocking behavior occurs at a rate sufficient to allow
trailing vehicles (both AVs and HVs) to respond safely.

F. In-Ring Reachability for Mixed HVs and CCAVs: Uniform
Case

Recognizing that the situation described in Lemma 2 is ad-
versarial, additional improvement in supervision scalability can
be obtained with a typical (less adversarial) distribution on Aj

and Hi.
In a typical mixed autonomy case, the order of HVs and

CCAVs relative to the merge point is interspersed. As the CCAVs
are supervision-aware and fully cooperative, the CCAV closest
to the merge point may stop to accommodate a merge, and thus
any vehicle after that CCAV cannot trigger supervision.

To model this, let us denote the order statistics A(1) ≤ . . . ≤
A(S). Without loss of generality and for ease of exposition,
consider the restriction to c = 1 and the shorthand notation
di := di(vi,0, ai,max, t).

We consider three different distribution schemes for the
in-ring vehicles, beginning with the uniform case described
in Section IV-F and continuing to two nonuniform induced traffic
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Fig. 5. Examples of three different HV distributions in the mixed HV/CCAV traffic setting: (a) is the case in Example 1, in which HVs are equally likely to be at
any point in the ring, regardless of CCAV location(s), (b) considers a case from the induced traffic distribution scenario (see Example 2), in which a CCAV forms
a “platoon” of vehicles behind it, such that the distribution of HVs is most dense immediately after the CCAV and thereafter decays smoothly around the ring,
(c) corresponds to Example 3. It recognizes that (b) is slightly adversarial: HVs in front of the lead CCAV (between the lead CCAV and the merge point), are more
likely to be close to the merge point than far from it. Of course, given asymmetric traffic flows, it is unrealistic for a CCAV to determine the location of HVs in
front of it. Therefore, (c) utilizes the exponential distribution for HVs behind the lead CCAV, while allowing a uniform distribution for HVs in front of it. Each
subfigure here can be conceptualized as taking a vertical “slice” from its corresponding subfigure in Fig. 6 and wrapping it around the ring road. As such, each
diagram here is a visualization of only one possible configuration for each distribution; more general representations (i.e., the results if all vertical slices for each
example were stacked next to each other) are shown in Fig. 6.

distributions described in Sections IV-G and IV-H. Instances of
these three example cases are shown in Fig. 5. In the first case,
HVs are equally likely to be at any point in the ring. The second
and third cases consider instances in which HVs are more likely
to follow closely behind a CCAV.

Theorem 2: Assume CCAV locations are independent from
each other (i.e.,Aj ⊥⊥ Ak for all j, k ∈ {1, . . ., S}) and allHV s’
and CCAV s’ locations are independent Hi ⊥⊥ Aj . Also assume
each vehicle’s location is distributed uniformly at random along
the length of the ring, i.e., Aj ∼ U [0, 1] for all j ∈ {1, . . ., S}
and Hi ∼ U [0, 1] for all i ∈ {1, . . ., R− S}. Then the proba-
bility that an arbitrary point on the ring is reachable over time
horizon t by a vehicle is upper bounded as follows:

P (Cin) ≤ 1− (1− di)
S+1

S + 1
. (15)

Proof: Since Aj
i.i.d.∼ U [0, 1] for all j ∈ {1, . . ., S}, we have

from order statistics A(1) = minj Aj ∼ Beta(1, S), and the
probability density function for A(1) is fA(1)

(a) = S(1−
a)S−1, a ∈ [0, 1], where a denotes the distance of the clos-
est CCAV from the merge point [66]. As Hi ∼ U [0, 1],
the probability density function for Hi is fHi

(h) = 1, h ∈
[0, 1]. By independence, we have the joint probability density
function fA(1),Hi

(a, h) = fA(1)
(a)fHi

(h) = S(1− a)S−1, a ∈
[0, 1], h ∈ [0, 1] (and 0 otherwise).

We can therefore write the following:

{HV i triggers sup. cond.}
= {HV i triggers sup. cond. ∩Hi ≤ A(1)}
∪ {HV i triggers sup. cond. ∩Hi > A(1)} (16)

where, P ({HV i triggers supervision condition ∩Hi >
A(1)}) = 0 in the current setting because any HV further away

from the merge point than the nearest CCAV will be blocked
by that CCAV from triggering the supervisor. Therefore

{HV i triggers sup. cond. ∩Hi ≤ A(1)}
= {Hi ≤ di ∩Hi ≤ A(1)}. (17)

One can compute P ({Hi ≤ di ∩Hi ≤ A(1)}) as

P ({Hi ≤ di ∩Hi ≤ A(1)})

=

∫ di

a=0

∫ a

h=0

fA(1),Hi
(a, h)dhda

+

∫ 1

di

∫ di

0

fA(1),Hi
(a, h)dhda

=

∫ di

0

∫ a

0

S(1− a)S−1dhda

+

∫ 1

di

∫ di

0

S(1− a)S−1dhda

=
1− (1− di)

S+1

S + 1
. (18)

�
A visual representation of this double integration for three

examples is provided in Fig. 6. In both the uniform distribution
case and the nonuniform “platoon” distribution case (in which
a number of HVs follow closely behind a CCAV) one benefit of
CCAVs is represented by the shaded triangle. It corresponds to
the portion of the ring at which in-ring HVs’ reachability zones
include the merge point, but which are blocked by an in-ring
CCAV, and thus do not pose a danger to the merging vehicle.
An additional benefit may come in the form of the distribution
shift of in-ring vehicles that the CCAV can cause, illustrated in
the image with the color gradients, in Fig. 6(b). Here, not only
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Fig. 6. Visual representation of the HVs’ conditional distributions fHi|A(1)
(h|a) for the three examples described in Sections IV-F and IV-G, along with a

visualization of the double integration from (18). The two axes represent the random variables Hi and A(1) := minAj . The bold black border encapsulates the
area captured by the double integral, and the shaded triangle represents the portion of the ring for which HVs that would otherwise pose a threat to a merging
vehicle will be blocked. The colors represent the varying probability density. (a) Probability in the uniform distribution case (see Example 1). The even tone
indicates an equal likelihood of HVs at all ring positions relative to the blocking CCAV. (b) Conditional probability in the nonuniform “platoon” distribution case
when HVs follow closely behind the CCAV (see Example 2). The red indicates a higher likelihood of HVs immediately behind the blocking CCAV and the blue
indicates a lower likelihood of HVs immediately preceding it. Thus in this second case the CCAV produces a greater supervision scaling effect in the red zone, but
is also disadvantageous in that the HVs between the CCAV and the merge point are more likely to be closer to the merge point. (c) HVs’ nonuniform conditional
distribution, as described in Section 3.

does the CCAV block certain HVs from threatening the merge,
but it also shifts the in-ring vehicle distribution such that an HV
is less likely to be in the vicinity in the first place. This case will
be analyzed further in Example 2.

Fig. 5 can aid in interpreting Fig. 6. Both images can be inter-
preted geometrically by imagining the colors as representing a
third dimension on the image (as if rising out of the page toward
the reader). Taking the red to represent a greater volume of
probability mass, we see that the shaded triangle in Fig. 6 would
also have more probability mass, and thus translate into greater
supervision scaling than in the uniform distribution case. At the
same time, the distribution in Fig. 6(b) includes an adversarial
element: the HVs between the CCAV nearest the merge point
and the merge point itself are more likely to be distributed closely
to the merge point, which increases the odds that they trigger the
in-ring reachability condition. Previously (in the NCAV case),
P (Hi ≤ di) = di, so the absolute improvement in each term
inside the union bound is

P (Hi ≤ di)− P ({Hi ≤ di ∩Hi ≤ A(1)})

= di − 1− (1− di)
S+1

S + 1
(19)

and the relative improvement of each term inside the union
bound is

P (Hi ≤ di)− P ({Hi ≤ di ∩Hi ≤ A(1)})
P (Hi ≤ di)

=
di − 1−(1−di)

S+1

S+1

di

= 1− 1− (1− di)
S+1

di(S + 1)
(20)

where, di ∈ [0, 1] as we normalize c = 1. This monotonically
increases in di and S—that is, the relative improvement in-
creases with larger reachability zones or more CCAVs.

Example 1. (Uniform vehicle distribution): As a numerical
example, when di = 0.1 and S = 5, the absolute probability
[given via (18)] is 0.078. The previous absolute probability was
0.1, and so the absolute improvement [from (19)] is 0.022, and
the relative improvement [from (20)] is 0.219, or 21.9%.

Interpreting this in terms of the reachability bound

P (Cin) ≤
S−A∑
i=1

{HV i triggers sup. cond.}

=
S−A∑
i=1

P ({Hi ≤ di ∩Hi ≤ A(1)}) (21)

each term inside the sum is roughly 21.9% less than it was
previously. Thus, this effectively drops 21.9% of terms from
the set {1, . . ., S −A} that the sum is taken over, and hence
produces an additional 21.9% improvement gain relative to the
upper bound.

G. In-Ring Reachability for Mixed HVs and CCAVs: Induced
Traffic Cases

Example 2. (An induced traffic vehicle distribution): As the
CCAV nearest the merge point X may slow down or stop the
HVs behind it, consider the scenario in which HVs may be more
likely to be behind—and close to—the first CCAV, recalling Fig.
6(b). For example, imagine a CCAV leading a platoon of HVs.

Accordingly, we model the “wrapped-around” asymmetric
distance between the HV following a CCAV using a truncated
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Fig. 7. Visualization of the cooperation-based benefits of CCAVs for the situation described in Section 2. The left two plots show the probability that the merge point
is within the reachable zone of HVi in the UCAV and NCAV cases (dotted line) and in the case in which CCAVs are present [solid line, P (Hi ≤ di,Hi ≤ A(1))]
for two different d values. The dashed line removes the blocking effect for comparison. The CCAVs’ relative improvement over the UCAV and NCAV cases is
shaded in the two left plots and explicitly represented with corresponding colors in the bar chart. Note these plots consider a single hypothetical HV—not the
system’s overall probability of triggering supervision. See Appendix A-C for the source data.

Exp(1) distribution with support [0,1].1 As such, the probability
density function of Hi given A(1) can be written as

fHi|A(1)
(h|a) =

{ exp(−(h−a))
1−exp(−1) if a ≤ h ≤ 1

exp(−(h+1−a))
1−exp(−1) if 0 ≤ h < a.

(22)

Note that the (h+ 1− a) term occurs whenh < a, and therefore
corresponds to the unlikely case when an HV is closer to the
merge point than a CCAV. In this setting, this adjustment is
necessary to ensure that when h = 0 the probability produced
is equal to the a ≤ h case when h = 1. For a visual explanation
see Fig. 6(b): this adjustment is what ensures the probability dis-
tribution smoothly “wraps around” from the top of the diagram
to the bottom.

For tractable computation assume fA(1)(a) =
Sexp(−Sa)
1−exp(−S) to

be the truncated Exp(S) random variable on [0,1]. The resulting
joint distribution is

fA(1),Hi
(a, h) = fHi|A(1)

(h|a)fA(1)
(a)

=

{ exp(−(h−a))
1−exp(−1)

Sexp(−Sa)
1−exp(−S) if a ≤ h ≤ 1

exp(−(h+1−a))
1−exp(−1)

Sexp(−Sa)
1−exp(−S) if 0 ≤ h < a.

(23)

We can compute the probabilities of interest using the same
integration as in Case 1, but with a different joint probability
density function. Closed-form probabilities can be obtained as

P ({Hi ≤ di ∩Hi ≤ A(1)})

=
e(S−diS)(ediS − ediS + S − 1)

(e− 1)(eS − 1)(S − 1)
(24)

+
(edi − 1)S(edi+S − ediS+1)

(e− 1)(eS − 1)(S − 1)

P ({Hi ≤ di ∩Hi > A(1)})

=
eS+1(e−diS − e−diS + S − 1)

(e− 1)(eS − 1)(S − 1)
(25)

P ({Hi ≤ di}) = P ({Hi ≤ di ∩Hi ≤ A(1)})

+ P ({Hi ≤ di ∩Hi > A(1)}). (26)

As a numerical example, with di = 0.1, we obtain a ∼ 44%
improvement from the previous upper bound when S = 5 and a
∼ 68% improvement when S = 15.

See Fig. 7 for the numerical results with di = 0.1 and di =
0.01, respectively, in a setting with 16 in-ring vehicles total.
Although no in-ring HV would actually be present in the 100%
AV penetration setting, values are reported for illustrative pur-
poses. The data used for the plots are included in Tables II and
III in the appendix. In reality, the true distribution is likely to lie
somewhere between the two cases outlined in this section. Note
the relative improvement column in the tables is computed by
comparing the P (Hi ≤ di, Hi ≤ A(1)) column as AV penetra-
tion rate increases withP (Hi ≤ di) = di, which corresponds to
the case in which the probability of a given HV’s reachability
zone intersecting the merge point is unaffected by the CCAVs.
To illustrate the relative impact of the CCAVs’ blocking benefit
relative to their distribution shift benefit, we ablate the effect of
blocking.

Example 3 (A more realistic CCAV case):

H. Supervision Requirements for a Single Rotary

In the abovementioned example we assume both the HVs
behind and in front of the first CCAV follow a truncated exponen-
tial distribution. Such a distribution is slightly unrealistic (and
slightly adversarial) for HVs in front of the first CCAV because it
implicitly says that those HVs have a greater probability of being
closer to the merge point than far away (that is, closer to the first
CCAV). Recall that we define the asymmetric distance following
the traffic flow direction. A less adversarial distribution would
say the HVs before the first CCAV follow a uniform distribution
between that CCAV and the merge point. In fact, here we
consider such a joint distribution for HVs and CCAVs, where

1Specifically, we define X =

{
h− a if h > a

1− (a− h) if 0 ≤ h ≤ a
and we assume

X ∼ Exp(1).
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Fig. 8. Visualization of the cooperation-based benefits of CCAVs for the situation described in Section 3, similar in format to the abovementioned figure. The
dashed line represents the gains (relative to the dotted line) that the in-ring distribution shift incurred by CCAVs produces. The solid line compounds that with the
benefit from their ability to sometimes block HVs that would otherwise trigger supervision. See Appendix A-C’s tables for the source data.

the conditional probability density function of Hi given A(1) is

fHi|A(1)(h|a) =
{

exp(−(h−a))
1−exp(−1) if a ≤ h ≤ 1
ea−1
a(e−1) if 0 ≤ h < a.

(27)

where, ea−1
a(e−1) is set so that the conditional probability

fHi|A(1)(h|a) integrates to 1 for each a. That is, this is a
truncated Exp(1) random variable on [0,1] where the random
variable is the asymmetric distance from an HV to a CCAV
(following the traffic flow) if the HV is behind the first CCAV,
but conditionally uniform if the HV is before the first CCAV.
A visual representation of this conditional probability density
function can be seen in Fig. 6(c).

Again, for tractable computation assume fA(1)
(a) =

Sexp(−Sa)
1−exp(−S) to be the truncated Exp(S) random variable on [0,1].
The resulting joint distribution is

fA(1),Hi
(a, h) = fHi|A(1)

(h|a)fA(1)
(a)

=

{
exp(−(h−a))
1−exp(−1)

Sexp(−Sa)
1−exp(−S) if a ≤ h ≤ 1

ea−1
a(e−1)

Sexp(−Sa)
1−exp(−S) if 0 ≤ h < a.

(28)

The results of this computation are shown in Fig. 8 and the
corresponding tables in the appendix. Table IV contains the
result when fixing di = 0.1. Table V contains the corresponding
result when fixing di = 0.01.

We can see that the relative improvements are larger than those
in Example 2, as the distribution of HVs before the first CCAV
is less adversarial.

We can leverage this work detailing the distribution of in-ring
vehicles—and more specifically, the P (Hi ≤ di, Hi ≤ A(1))
values, from which we construct P (Cin) and therefore λ—
with (3) to get more direct insight into quantities and trends
of interest.

I. Supervision Requirements for a Traffic Network

The analysis to this point has been centered on a single ring
road. However, returning to our objective of asking, “How many
supervisors are necessary?,” particularly in the setting in which

a team of human supervisors remotely supervise a fleet of AVs,
we are interested in a broader traffic network.

Using our kinematics-based reachability distance and the
on-ramp density for interstate highways from [67], we find that
reasonable values for d range from 0.08 to 0.11 in Washington
and California interstate systems, and thus will proceed with
d = 0.1 for this section of the analysis. However, we observe
that the precise value of d to use will vary according to context
and desired analysis; still, the trends outlined below persisted
for a range of values. The CCAV P (Cin) values are thus drawn
from Table IV. On-ramp flow rates f can range from 0 to∼1,900
veh/h before single-lane ramps become saturated, and the mean
time for a supervisor to monitor a merge is estimated to be
between 15 and 60 s, including the time to safely gain situational
awareness and assume effective control of the vehicle remotely
from the autonomous driver [43], [68].

Thus, we set f = [7000, 10 000, and 17 000] for our inves-
tigations and highlight f = 10 000 for our initial plots. This
value can equivalently refer to a network with 10 on-ramps each
producing 1000 veh/h, or 100 on-ramps each producing 100
veh/h flowing onto a free-flowing interstate.

Results are presented in Figs. 9 and 10. These trends were
found to hold across a variety of configurations. We see that
CCAVs enable supervision time that is on the whole inversely
related with AV penetration, and that the number of AVs each
supervisor can monitor at a given reliability threshold monotoni-
cally increases along with the AV penetration rate. The plots also
illustrate the extent to which cooperation among the connected
AVs boosts reliability in supervision. In particular, note the
logarithmic scale on the y-axis in these plots. The “reliability”
metric is calculated as 1− Pk. This means that at a reliability
threshold of 99.9%, 1 in 1000 vehicles—on average—for which
the reachability conditions require supervision would not be able
to receive supervision (because there is not a supervisor available
to immediately provide it). Observe that this does not necessarily
mean a crash would occur, given the conservative nature of the
reachability constraints. Future work via microsimulation could
gather data for analysis of this.

Of particular note is the improvement of the CCAV case over
the NCAV case. Fig. 11 illustrates how CCAVs can provide
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Fig. 9. With connected AVs the number of supervisors necessary to achieve desired high reliability thresholds no longer increases monotonically with rising AV
penetration rates, as occurred in the UCAV (baseline) case shown in Fig. 3. The CCAVs substantially outperform the NCAVs. In fact, the CCAV case exhibits an
overall trend inversely related with increasing AV penetration. Increasing AV presence boosts the number of AVs requiring supervision at merge time, but also
enables AVs to have greater supervision-reducing effects within the ring.

Fig. 10. A visualization of the reliability thresholds NCAVs (left) and CCAVs (right) can achieve at a given task arrival and service rate. Other rates were found to
exhibit similar trends. Comparing these plots—while making special note of the logarithmic y-axis—illustrates how CCAVs enable a fixed number of supervisors
to achieve a substantially higher reliability threshold.

Fig. 11. Under connected AV cooperation, the operator team successfully
covers 99.9999% of cases when the AV penetration rate is 30%. In contrast,
without connected AV cooperation, the same team covers just over 90% of
cases.

orders of magnitude more reliability without additional human
supervisors (note the log scale).

The shape of the various curves can be explained by three
interacting effects as the AV penetration rate increases. See Fig.
12. Exerting upward pressure on the number of supervisors
required to maintain a given reliability level as AV penetration
increases is the growing number of merging AVs that present
potential supervision needs. Exerting downward pressure for
both the noncooperative and CCAV cases is the fact that as AV
penetration increases, a greater proportion of vehicles have the
truncated reachability zones that connectivity grants, reducing
the average area of the highway that is covered by reachability
zones. Finally, for the CCAVs, there exist the benefits discussed
in the presentation of the other plots: a) the ability to shift the
in-ring vehicles’ collective distribution such that each vehicle’s
reachable zone is more likely to overlap with that of another vehi-
cle, thus leaving more of the ring open to accommodate merges,
and b) the ability of CCAVs to block would-be dangerous HVs
from encroaching on merging AVs as they join the highway
flow. This final effect contributes both to the goal of reducing the
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Fig. 12. As the AV penetration rate increases, three notable factors affect the system’s supervisability: (1) more AVs to supervise, (2) a greater share of vehicles
with truncated reachability zones, and (3) more AVs to assist merges. (1) makes supervision more difficult. (2) and (3) ease supervision. The UCAV curve (in blue)
is affected only by 1, as the AVs neither assist merges nor have truncated reachability zones. The NCAV curve (in red) shows what happens with only 1 and 2,
since NCAVs do not assist merges. The CCAV curve (in yellow) is affected by 1, 2, and 3. Recall that Effect 3 is the composite of the two benefits described in
Figs. 7 and 8.

number of necessary human interventions and reducing the time
required for those that must occur. The truncated reachability
effect contributes to the goal of reducing the number of human
interventions. The curves presented in all four figures can be
understood in these terms.

We observe that the “dip” in the reliability curves consistently
occurs at a similar point, indicating the mixed autonomy cases
with relatively equal proportions of human and AVs provide the
most challenging supervision scenarios. Also notable is that the
dip shifts leftward in the CCAV setting relative to the NCAV
setting. This may have to do with the nonlinear influence of
vehicles on others in the system and is an open avenue for future
study.

While the values here are representative of a network larger
than a single rotary, we found that similar qualitative behavior
occurs even on the much smaller case of a single rotary with
four on- and off-ramps.

V. IMPLICATIONS FOR AUTONOMOUS DRIVING

It is worth pausing for a moment to appreciate the broader
context of these improvements and the leveraging effect that
can be achieved in the traffic setting by adopting autonomy
with supervision assistance for the driver. The results suggest
preventing the need for supervision is more powerful than having
more supervisors. Not only does this provide further motiva-
tion for investigating scalable supervision of mixed autonomy
systems in the specific context of AVs, but it also serves as a
case study for determining the potential for supervision scaling
to achieve practical gains in a given setting. In so doing, this
analysis provides a framework that could be used to evaluate
other tasks for scalable supervision.

A. Improved Safety and User Experience

AVs provide a compelling case for investigating scalable
supervision because short, particularly dangerous events—such
as merging or navigating a construction zone—are interspersed

within longer, easier events—such as cruising a highway. Imag-
ine a future where AVs can safely handle mundane driving like
occurs on an interstate highway. An intervention that prevents
a human driver from lifting a finger during a five-seconds-long
merge may thus not only spare the person interruption for those
five seconds, but indeed may have in effect spared her interrup-
tion over 20 min if the merge interlinked 10-min stretches on
two separate highways.

Certainly, unforeseen events can occur at any point in the driv-
ing process, but that is beyond the scope of this research, which
focuses on the illustrative and prespecified event of merging.
Other instances that present increased risks or unpredictability
but can be anticipated include construction zones, school zones,
corridors particularly congested with foot traffic, and known
traffic accident hotspots [21].

B. Informed Fleet Operations

Beyond the improved driving experience and safety for an
individual, in the further future such scaling might be a crucial
element enabling the widespread deployment of AVs, and thus
crucial for achieving the environmental and social benefits out-
lined previously. Consider a company that seeks to provide a
fully hands-off driving experience. Even if the company’s AVs
are generally quite effective at navigating roadways, given the
difficulty of some tasks like merging and consumers’ desire
for additional safety, the firm may look for additional safety
measures. If it were sufficiently economical (and assuming
low-latency connections, etc.), one way to do so might be to
hire remote supervisors to monitor the AV fleet and provide
real-time control when necessary. Thus, the question of interest
for this company would not only be reductions in the number
of interventions and the time required over some baseline, but
how many remote supervisors need to be hired as a whole to
supervise the entire fleet of AVs.

One aim of this work is to provide rigorous methodology
for informing such estimates by refining the estimated time
required for supervision of the AVs. When tailored to the locale
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and services of an AV operator, the outcome of the proposed
methodology could be incorporated into an estimate for fleet
operations.

Based on some moderate assumptions, we might expect that—
even if we were to require that a supervisor monitor each and
every AV merge, regardless of reachability conditions and with-
out any of the scaling techniques used in this work—one of these
remote supervisors might be able to supervise between 18 and
66 AVs for the task of highway merging in the United States. The
logic behind this estimate is as follows. In the US approximately
33% of total vehicle miles traveled (VMTs) occur on interstates,
other freeways, or expressways, where “access and egress points
are limited primarily to on- and off-ramps” [69], [70], [71].
Making the conservative assumptions that on these roads the
average speed is 50 mph and the average trip length is 15 miles,
the total time for each trip is 0.3 h. If the time it takes for a
supervisor to assume control and execute a merge task safely
is 60 s, and assuming one merge per trip, then a supervisor is
needed for 5.55% of every trip. Taking the inverse of this, we
see that—if tasks are allocated without gaps or delays—one
supervisor could theoretically monitor merges for 18 highway
vehicles, even assuming that every merge must be supervised.
That is, this value is without any of the scalable supervision
benefits discussed in this work. Since VMTs on interstates, other
freeways, and expressways account for only a third of all VMTs,
one supervisor operating in such a manner could supervise up to
52 vehicles (since the majority never make a highway merge).
Of course, the scaling potential is substantially greater once we
allow for the supervision methods outlined previously.

VI. CONCLUSION

This work explored an operational reliability perspective on
improving safety in mixed autonomy settings by investigating
human supervision of AVs in a simulated merging task. We
investigated the question: Can we do better than the present-day
industry standard of persistent supervision? Our findings indi-
cate that clever allocation of human resources for supervision
tasks may ease near-term adoption of imperfect autonomous
agents in safety-critical environments. Key conclusions include
the following.

1) AV teaming can enable supervision that is both safe and
scalable, with orders-of-magnitude improvement in su-
pervision requirements. This cooperation may enable au-
tonomous systems’ deployment at scale in certain settings.

2) Queuing-theoretic analysis and order statistics allow for
the establishment of high reliability upper bounds on
human supervision requirements in the given setting.

3) Scalable supervision provides a method for achieving
human-level safety even when autonomous system per-
formance guarantees are elusive.

Future work could use traffic microsimulators to empirically
investigate the distribution produced, and could also evaluate the
impact of the supervision-aware AVs’ cooperative behavior on
traffic flows. These simulations could extend to investigate how
learning can be incorporated to exhibit behaviors similar to—or

even superior to—those discussed in this work. More gener-
ally, continued research in this direction could adopt alternative
reachability analysis tools to investigate supervision scaling’s
potential in other mixed autonomy settings.

APPENDIX

USEFUL STATEMENTS

We provide useful probability statements that we adopt in our
proofs. The statements can be found in a standard probability
textbook [66].

A. Binomial Distribution Parameterized by a Poisson Random
Variable

LetN ∼ Poisson(λ), X|N ∼ Binomial(N, p)

then, X ∼ Poisson(λp). (29)

B. Poisson Distribution of Summed Independent Random
Variables

LetX ∼ Poisson(λ), Y ∼ Poisson(μ)andX, Y

are independent.

Then, X + Y ∼ Poisson(λ + μ). (30)

C. Tables With Numerical Data for Examples in Section IV-G

See Table II through Table V.

TABLE II
DATA FOR THE CASE DESCRIBED IN SECTION II. RELATIVE REDUCTION IN

SUPERVISION TIME FOR S CCAVS RELATIVE TO CONNECTED AV BASELINE

P (Hi ≤ Di) = 0.1 FOR NON-UNIFORM DISTRIBUTION WHEN di = 0.1 AND

THE TOTAL NUMBER OF IN-RING VEHICLES IS 16. THE COLUMN SECOND

FROM THE LEFT IS AN INDICATOR OF THE DISTRIBUTION SHIFT CAUSED BY

THE CCAVS. THE COLUMN SECOND FROM THE RIGHT IS THE OVERALL

ABSOLUTE SUPERVISION PROBABILITY THAT THE CCAVS TYPICALLY

ACHIEVE, AND IS THUS A FUNCTION OF BOTH GAINS VIA THE IMPLICIT

DISTRIBUTION SHIFT INDICATED IN THE PRIOR COLUMN AND GAINS VIA THE

COOPERATIVE BLOCKING BEHAVIOR ITSELF. THE RIGHTMOST COLUMN

INDICATES THE RELATIVE % IMPROVEMENT OVER THE UPPER BOUND

di = 0.1

Authorized licensed use limited to: MIT Libraries. Downloaded on September 21,2023 at 20:39:25 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2024, Yokohama, Japan. Cite as T-RO paper.

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2024, Yokohama, Japan. Cite as T-RO paper.



HICKERT et al.: COOPERATION FOR SCALABLE SUPERVISION OF AUTONOMY IN MIXED TRAFFIC 2767

TABLE III
DATA FOR THE CASE DESCRIBED IN SECTION II WHEN di = 0.01

TABLE IV
DATA FOR THE CASE DESCRIBED IN SECTION III WHEN di = 0.1

TABLE V
DATA FOR THE CASE DESCRIBED IN SECTION III WHEN di = 0.01
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