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Collective dynamics
of capacity-constrained
ride-pooling fleets
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Ride-pooling (or ride-sharing) services combine trips of multiple customers along similar routes into
asingle vehicle. The collective dynamics of the fleet of ride-pooling vehicles fundamentally underlies
the efficiency of these services. In simplified models, the common features of these dynamics give
rise to scaling laws of the efficiency that are valid across a wide range of street networks and demand
settings. However, it is unclear how constraints of the vehicle fleet impact such scaling laws. Here,
we map the collective dynamics of capacity-constrained ride-pooling fleets to services with unlimited
passenger capacity and identify an effective fleet size of available vehicles as the relevant scaling
parameter characterizing the dynamics. Exploiting this mapping, we generalize the scaling laws of
ride-pooling efficiency to capacity-constrained fleets. We approximate the scaling function with a
queueing theoretical analysis of the dynamics in a minimal model system, thereby enabling mean-
field predictions of required fleet sizes in more complex settings. These results may help to transfer
insights from existing ride-pooling services to new settings or service locations.

Human mobility is a quintessential example of a complex system'? Interactions of individual travelers with each
other, with their environment or with transportation services give rise to complex emergent mobility patterns
and collective dynamics®™°. Statistical physics approaches have helped to reveal universal patterns in the scaling
of human mobility*’, characterize recurring aspects of the structure of mobility and transportation networks®-2,
and explain fundamental properties of congestion and its persistence across a variety of systems>*-'7. Cur-
rently, human mobility is transforming towards new modes of transport that are increasingly self-organized and
networked?*-*18, In particular, app-based on-demand ride-pooling services promise to reduce the economic
and ecological impact of congestion and emissions in urban mobility, especially in light of the current trend of
ongoing urbanization'¥-22,

By combining trips of passengers along the same direction, ride-pooling reduces the required number of
vehicles and the total distance driven. Similar to standard ride-hailing, on-demand ride-pooling services typically
act as door-to-door transport for passengers, matching similar passenger requests to each other or to vehicles
already on route, ideally without any detour for the passengers (Fig. 1a,b). In contrast to ride-hailing services,
however, the assignment of passenger requests to ride-pooling vehicles is much more complex?*** due to the
restrictions of the routes of the vehicles by already assigned passengers. The resulting complex collective dynamics
of the ride-pooling fleet?*® and the intricate dependence of the service efficiency on the system parameters®**”2
are far from fully understood. Previous studies have analyzed the potential to pair passenger requests as a graph
covering problem® and demonstrated a universal scaling of the theoretical potential to combine rides with similar
origin and destination across empirical demand patterns from different cities?’. Recently, similar scaling laws have
been demonstrated also in a simplified dynamical model of ride-pooling in the special case of unlimited pas-
senger capacity®’. However, similar to restrictions from already accepted requests, capacity limits of ride-pooling
vehicles constrain the assignment of new requests to vehicles. A request that cannot be served by a vehicle due
to capacity constraints must be picked up and delivered by another vehicle, potentially causing route changes
and additional delays (see Fig. 1c). Thus, even this simple constraint on individual vehicles may strongly affect
the collective dynamics of the ride-pooling fleet as a whole and thereby also change the dynamic scaling laws.

Here, we analyze the collective dynamics of ride-pooling fleets under capacity constraints and identify the
effective number of vehicles available to serve a request as the relevant scaling parameter to characterize their
efficiency. With this effective available fleet size, we map the dynamics of capacity-constrained ride-pooling
fleets to an unconstrained system, generalizing the scaling laws of ride-pooling efficiency. Moreover, we develop
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Figure 1. Constraints shape the dynamics of ride-pooling. (a) With individual mobility, each person travels
from their origin (circle) to their destination (cross) using their own car (colored lines). (b) Ride-pooling
combines trips along similar routes into the same vehicle. Two vehicles (black lines) starting at the green and
cyan origin, respectively, serve all requests. (¢) Constraints modify the dynamics of the ride-pooling service. If
only two customers can be transported by each vehicle at a time, the dark blue trip cannot be served as in panel
(b). Instead, the routes of the vehicles are modified and the customer is delayed.

a queueing theory description of the ride-pooling dynamics in a minimal model system that enables an approxi-
mate analytical calculation of the efficiency and the relevant scaling parameters. Together with a self-consistent
mean-field approximation in more complex settings, we demonstrate the possibility of using the scaling law to
estimate required fleet sizes. Overall, our results suggest that universal scaling laws of ride-pooling efficiency
may hold across a much broader range of settings and constraints and may thus enable the a-priori optimization
of ride-pooling fleet size, capacity, and other system parameters in previously unserviced areas.

Results

Collective dynamics of ride-pooling. The dynamics of the ride-pooling fleet depend on a large number
of system parameters. The topology of the underlying street network 4 and the demand distribution p in space
determine the average trip distance (I) across all requests. The demand distribution in time, characterized by the
average request rate A, determines the number of requests. The number of vehicles B and their properties, such
as the typical velocity v or passenger capacity 6, as well as the dispatcher algorithm .oZ, assigning requests to
vehicles, critically determine the resulting routes of the vehicles and thereby the service quality.

We simulate the dynamics of the ride-pooling service in a simplified model. Customers request transport from
one node of the underlying street network ¢ to another node uniformly randomly following a Poisson process
with rate 4. Each request is immediately assigned to a vehicle, adjusting its planned route, such that the request
is delivered as fast as possible without delaying previous requests or exceeding the capacity constraints of the
vehicles. Over time, vehicles drive along their planned routes, picking up and dropping off passengers, and the
system settles into a steady operating state such that the average number (C) of scheduled requests per vehicle
(on board or scheduled to be picked up in the future) becomes constant if the system does not overload (Fig. 2a).
We simulate these dynamics on various different network topologies, including simple network structures such
as a minimal two-node graph or a complete graph, effectively one-dimensional topolgies in cycle graphs, as well
as two-dimensional square lattices and geometric random networks. A more detailed description of the ride-
pooling model and simulation parameters is provided in the Methods.

To compare the dynamics across different settings, we define the normalized load®

X0
VB

, (1)

describing the total average requested trip distance £ (I) per time relative to the maximal distance vB that all
vehicles can drive. The load x is a lower bound for the average occupancy of the ride-pooling vehicles. When
x > 1, more distance is requested from the system than the vehicles can drive and ride-pooling is necessary to
serve all requests. Stable operation of a ride-pooling service with maximum passenger capacity 0 per vehicle is,
in principle, possible for loads x < 6. The service necessarily overloads for x > 6 since each vehicle would need
to transport more than 6 customers on average to serve all requests.

Capacity-unconstrained ride-pooling efficiency. The efficiency of a ride-pooling service can be con-
sistently quantified across different settings based on the collective dynamics of the ride-pooling fleet®. If the
capacity constraints of the system are sufficient to serve all requests, the system settles into a steady operating
state with a constant number (C) of scheduled requests per vehicle (Fig. 2a). The exact value of (C) depends on
the underlying network topology and system parameters (Fig. 2b). Under ideal conditions, requests are picked
up immediately and delivered on the direct route to their destination. In this optimal service limit, each vehicle
transports exactly x passengers on average. The average number of scheduled requests per vehicle is equal to
the average occupancy and equal to the normalized load, {C)py = (O)p¢ = x. The actual number of scheduled
requests (C) in a given system is typically larger since customers may have to wait for pickup or may be subject to
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Figure 2. Capacity constraints break the topological universality of ride-pooling efficiency. (a) The average
number (C) of scheduled customers per vehicle settles into a steady state for x < 6 when the normalized load x
[Eq. (1)] is slowly increased. If the normalized load is larger than the capacity, x > 6, the system overloads and
the number of scheduled customers increases indefinitely (inset). (b) For small loads, the average number of
scheduled customers per vehicle increases approximately linearly with the normalized load x. The difference to
the best possible scaling (C) = x (dashed line) quantifies the efficiency of the service (see panels (c) and (d)).
When the load x approaches the capacity limit 6, the number of scheduled customers diverges as the system
overloads. (c) Capacity-constrained systems behave qualitatively differently across network topologies when
the load x approaches the capacity limit & = 8 of the system. (inset) Systems with unlimited vehicle capacity
converge to the same efficiency E for large loads x. Fleet sizes in both simulations are identical and chosen such
that the efficiency E of the capacity unconstrained systems (inset) converges to E = 1/2. (d) The efficiency
curves E s (7, B, 0, x) of the capacity-constrained systems reveal strong differences between the various network
tolgé)logies (colors), especially in settings with small fleet sizes. Neither the normalized topological factor
Bi /2) (2) nor a load-dependent scaling factor By > (7 x) is sufficient to recover the topological universality
observed for capacity-unconstrained systems [inset, Eq. (5)]. Colors represent different underlying networks, see
“Methods” for details on the settings and simulations.

detours in the pooled rides. The difference of the number of scheduled requests (C) with respect to the optimal
service limit thus quantifies the efficiency (Fig. 2¢,d) of the ride-pooling system as®

E=—"c[o0,1]
SOt @

In general, fewer vehicles or a higher request rate, i.e. an increasing normalized load x, reduce the efficiency of
aride-pooling system as more requests have to be served with fewer vehicles in the same amount of time, result-
ing in longer waiting times and potential detours. However, a system with higher request rate 4 and more vehicles
B (keeping the normalized load x constant) operates closer to the perfect service limit. More vehicles increase
the options for assigning requests while the increased request rate results in more similar requests that can be
easily pooled, thus adding fewer constraints per request to the routing problem (Fig. 2b,2>*>?7). Importantly, the
system efficiency E as defined above is directly related to the average service time (At,) from the perspective of
customers. During the average service time (At,) of a single customer, a vehicle cycles on average exactly once
through all its scheduled customers, i.e. dropping off all (C) customers that were scheduled earlier. During this
time, a total of A (At;) requests are made to the system on average, of which a fraction 1/B is assigned to a specific
vehicle. In the steady operating state, the average number of scheduled customers is thus given by

(€ =128 )
Using Egs. (1) and (2), the efficiency
' x  xB I 1
BT @

thus also quantifies the service efficiency from the customer perspective®.
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The resulting efficiency E ./ (7, B, x, 6) of a ride-pooling system with dispatcher .¢7 is a function of an effective
topology 7 = (9, p) that combines the street network topology with the spatial demand distribution, the fleet
size B, the normalized load x, and the capacity 6 of the vehicles. For ride-pooling systems with unlimited capacity
0 = oo, this efficiency follows a universal scaling function f,

B
Ey (7 B,x,00) = foy (31/2(7x)> ; 5)

with a single scaling parameter By /; (7, x) summarizing the effect of the topology and the demand distribution®*.
For sufficiently large loads x > 1in the ride-pooling regime, the scaling parameter By > (.Z; x) becomes approxi-
mately constant and we replace it with a single value Bg%) (7) for each effective topology 7 (Fig. 2d inset).
However, systems that behave similarly without a capacity limit, exhibit stark differences in their efficiencies
after introducing capacity constraints (Fig. 2¢c,d). The capacity constraints seem to break the universality, espe-
cially as the system load approaches the capacity limit, x — 6 (Fig. 2c). In contrast to the capacity unconstrained
systems (Fig. 2d inset, Eq. (5)*°), the resulting efficiency curves for the capacity-constrained systems do not
collapse (Fig. 2d). For fixed values of x and 6 we find that the scaling is qualitatively different across topologies.

Capacity-constrained ride-pooling efficiency. Can we recover the topological universality under
capacity constraints and, if so, which are the relevant scaling parameters?

To understand the effect of the capacity constraints on the ride-pooling efficiency we examine their impact on
the vehicle dynamics. The pick up and delivery dynamics along a planned route of a vehicle remain unchanged
for capacity-constrained systems as the route of a vehicle is planned with respect to its capacity (i.e. all planned
pick-ups are always possible). The capacity constraints thus only affect the routes and the fleet dynamics by
modifying the assignment of requests.

Consider a system with a large fleet size and high efficiency. When a new request arrives, only vehicles
that could serve the request with almost no delay are relevant options for the assignment (Fig. 3a). In both the
capacity-constrained and unconstrained system, this excludes vehicles far away from the origin of the request.
Similarly, vehicles close to the origin whose currently planned route is incompatible with the request are excluded
since assigning the request to them would result in unfeasibly long waiting times or detours. Compared to the
unconstrained system, capacity constraints further limit the pool of feasible options by excluding vehicles that
would exceed their capacity constraints during the trip, thus resulting in longer delays. The dynamic routing
decision effectively becomes identical to that of an unconstrained system without those unfeasible vehicles.

Assuming a homogeneous distribution of the unavailable, fully occupied vehicles among the pool of vehicles
offering the most efficient trips, this argument suggests that the capacity-constrained system behaves similarly
to a capacity unconstrained system with a reduced effective fleet size

B (7,B,x,0) = [1 — Paelay(; B, x,6)] B. (6)

This effective available fleet size characterizes the change in collective dynamics of the ride-pooling service due
to capacity constraints. Consequently, the efficiency Eg (B) of the capacity-constrained system is similar to the
efficiency Eoo (Besr) of an unconstrained system with the reduced fleet size B (Fig. 3b). To quantify the fraction
Pdelay of unavailable vehicles, we measure the probability that the optimal assignment for a request is not pos-
sible due to the capacity constraints, i.e. the request is delayed compared to the capacity unconstrained system.

This relation between capacity-constrained and -unconstrained ride-pooling dynamics suggests that the topo-
logical universality observed in unconstrained systems extends to capacity-constrained systems with the same
scaling parameter By, and the effective fleet size B, (or equivalently the average fraction pgelay of unavailable
vehicles) as a second scaling parameter. Figure 3c illustrates the collapse of the efficiency curves to a generalized
universal scaling function

7)

Be (7B, x,0
E.; (7 B,x,0) = fy (M)

B1/2(7x)

of a single parameter with Beg = (1 — pdelay) B, recovering the scaling of the unlimited capacity system with
Pdelay = 0 (Fig. 3¢). In contrast to the scaling parameter Bj /, describing the topological universality, the effective
fleet size B depends on all system parameters, (Z; B, x, 0).

This scaling relation holds even for systems operating under high loads up to large values of pgelay < 0.8. In
systems operating very close to the capacity limit with pgely — 1and possibly Beg < 1, this mapping to a capac-
ity unconstrained system begins to break down as also vehicles far away from the origin or with large detours
become relevant for the assignment. These deviations are more likely for systems with strongly limited vehicle
capacity or with very few vehicles.

Mean-field queueing theory predictions. Analytical calculations in a minimal two-node model con-
firm our results. With two nodes at a distance (I), vehicles travel back and forth between the nodes without
detours for customers. A vehicle arrives at a single node every 2 (I) /(vB) time units on average. From the point
of view of the node, all vehicles are identical since they always drop off all current customers when arriving
and transport up to € customers requesting a trip from that node. If vehicles are distributed equidistantly and
never idle, the queueing dynamics at each node effectively follows a queue with Poisson distributed requests,
a deterministic service interval 2 (I) /(vB) with batch service for at most 6 customers at the same time, and a
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Figure 3. Effective fleet sizes capture the impact of capacity constraints. (a) When a new request (black circle,
center) arrives, it must be assigned to one of the ride-pooling vehicles in the system. The number of feasible
vehicles to serve the request is limited due to the large distance to the origin of many vehicles (light gray) or
incompatible planned routes of close-by vehicles (dark gray). In a system without capacity constraints, the
request would be assigned to the best of the remaining vehicles. However, a fraction pyelay of these vehicles
cannot serve the request due to the capacity constraints (light red). This argument suggests that the ride-
pooling dynamics of a capacity-constrained system is similar to the dynamics of an unconstrained system with
areduced effective fleet size Beg = (1 — pdelay) B> Eq. (6). (b) The efficiency Ey (B) of capacity-constrained
systems is approximately equal to the efficiency of unconstrained systems Eo (Beg) with the reduced effective
fleet size Beg (black dots). Comparing both systems with the same fleet size, the efficiencies differ significantly
(light gray). The figure shows results for more than 3000 distinct settings (7 B, x, &) where pgelay < 0.8.¢
With the normalized effective fleet size as the scaling parameter, the efficiency of capacity-constrained ride-
pooling services collapses to the same universal efficiency function as the unconstrained system across different
topologies, capacity constraints, and system loads x. Deviations occur when most vehicles are fully occupied,
Pdelay ~ 1(light dots, see main text). See “Methods” for details on the settings and simulations.

single server?. The average queue length (q) of this system as well as the full queue length distribution can be
computed analytically (¥, see Supplementary Material for detailed calculations).

In the ride-pooling system, the average number (C) = x + 2 (q) /B of scheduled customers per vehicle con-
sists of the number of customers currently transported per vehicle, (O) = x since detours are impossible in this
setting, and the queues at both nodes, 2 () /B. The efficiency becomes

X 1

(0 1+42(q)/Bx)’ (8)

with a similar form as the universal scaling function predicted in?. This queueing theoretical prediction (Fig. 4a)
becomes exact with B = 1vehicle for sufficiently large load x. For smaller loads, the vehicle becomes idle from
time to time as fewer requests enter the system. For larger fleets, B > 1, fluctuations of the inter-arrival time lead
to slight bunching of the vehicles and less efficient service.

The full queue length distribution from this model also provides direct access to the probability p4elay that a
request is delayed due to the capacity constraints, i.e. when more than 6 requests are waiting at a node when a
vehicle arrives (Fig. 4b, see Supplementary Material for detailed calculations). As above, results are exact with
B = 1vehicle. For larger fleets, fluctuations of the inter-arrival time and less efficient service result in more
delayed requests and slightly larger values of pgelay than estimated.

Taking a mean-field approach and assuming that the queueing dynamics and occupancy statistics are identical
at every node and Vehlcles arrlve with a constant inter-arrival times in the limit of large fleets, the same approach
also provides estimates p ;. el for arbitrary networks (Fig. 4b inset). A detailed description of the estimation using
a self-consistent solution of appr0x1mate queue len)gth and occupancy distributions is given in the Supplementary
Material. Differences between the estimated p, . and the observed pgelay occur due to heterogeneities in the
networks and the inter-arrival time of vehicles. As'an alternative to an equidistant distribution of vehicles and a
deterministic inter-arrival time, an exponential inter-arrival time distribution offers a good approximation for
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Figure 4. Fleet size prediction for capacity-constrained ride-pooling services. (a) Queueing theory predictions
(dots) of the ride-pooling efficiency in a minimal two-node setting. The predictions become exact for a single
vehicle B = 1 (dark red) at high load x where the vehicle is never idle. Small deviations for larger fleet sizes

(B = 10, light red) reflect the non-equidistant inter-arrival time distribution of vehicles. (b) The same queueing
theoretical description predicts the scaling parameter pelay for various loads x and capacity constraints 6. (inset)
A mean-field approach enables the estimation of pgelay in arbitrary networks for large numbers of vehicles

(see Supplementary Material for details). (¢) Prediction (dots) of the required fleet sizes to achieve a desired
efficiency E,r = 0.75 for various network topologies and capacity constraints compared to direct numerical
simulations (lines). These estimates rely only on the universal scaling function f., and measurements of the
scaling parameters Bj > (7, x) of the capacity unconstrained systems. Colors represent different underlying
networks, see “Methods” and Supplementary Material for details on the settings, simulations, and calculations.

the dynamics in large and heterogeneous networks, reflecting the limit of many independent paths along which
vehicles may arrive at a node (see Supplementary Material and Supplementary Figure S1).

Together with the scaling function f./, Eq. (5)* and the topological factor Bj ,, this approximation enables
us to a-priori estimate the required fleet size to achieve a desired efficiency in a given setting (Fig. 4c). Starting
with some fleet size B, we estimate the delay probability pgelay and the effective fleet size Beg using the mean-
field calculations and compute the resulting efficiency E from the universal scaling function. Comparing this
estimate to a desired efficiency Ei,r, we obtain a new estimate for the required fleet size B by assuming the same
delay probability pgelay. Iterating these estimations, the process converges to an estimate Breq of the required
fleet size to achieve the desired efficiency in the given setting (see Supplementary Material for details). Note
that, during this process, the load x changes as the fleet size varies while the vehicle velocity, request rate, and
request distribution remain constant. We thus make use of the full range of scaling parameters By /5(.7; x) of the
capacity unconstrained systems to obtain more accurate results. For systems with a high density of requests, the

topological factor By/2(; x) may be replaced by the single scaling factor in the limit of large loads BYZ) 7)),

which can also be estimated without simulations in many simple networks by counting the number of distinct
(shortest) paths®.

The results of these estimations agree well with the required fleet sizes found from direct simulations in a wide
range of network and capacity settings (Fig. 4c). Similar to the analytical calculations above, deviations become
larger when pgelay is large (e.g. for low-capacity vehicles). However, this usually only occurs for undesirable set-
tings with small target efficiencies or a large number of low-capacity vehicles.

Discussion

The collective dynamics of a ride-pooling fleet determines the potential and actual efficiency of the ride-pooling
service?>?. Instead of the specific request rate or the normalized loads, we have identified the effective number
of available vehicles as the relevant scaling parameter to describe the dynamics of capacity-constrained ride-
pooling fleets. This concept of an effective fleet size relates the efficiency of a capacity-constrained ride-pooling
system to a system without capacity constraints and recovers the topological universality observed in systems
with unlimited capacity®. The successful mapping between the collective dynamics of capacity-constrained and
unconstrained systems suggests that a similar approach may be able to capture the impact of other constraints
limiting the assignment of requests to vehicles, such as heterogeneous request sizes from individual travelers
and groups or mixed request types for single (taxi cab) or shared rides.

The universal scaling of the efficiency in systems without capacity constraints is robust across different
demand distributions and network topologies (captured in the average trip length (I) and the topological scal-
ing factor Bj ;) as well as for different dispatcher algorithms in the high-efficiency limit®. Since our results are
based on a direct mapping between capacity-constrained and -unconstrained systems, this robustness directly
transfers as well. The mapping between the capacity-constrained and -unconstrained systems only breaks down
for large pyelay ~ 1 when the system is close to overloading, a state that is undesirable regardless of the setting
due to long detours or waiting times. Since all arguments and in particular the definition of the ride-pooling
efficiency rely on the equilibrium steady state of the ride-pooling dynamics, our results only capture expected
dynamics over long times. Changes on timescales faster than the typical service time of a single customer, such
as quickly changing or highly correlated demand distributions, strongly varying request rates 4, or quickly vary-
ing traffic conditions and vehicle velocities v, cannot be captured in this equilibrium description. Importantly,
the scaling of the efficiency captures the dynamics both from the perspective of the provider in terms of the
queueing theoretical throughput as well as from the perspective of the customers due to the direct relation to the
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average service time (see Eq. (4)). A relevant additional perspective may be the extension of these scaling laws to
the reliability of travel times and the distribution of delays beyond the mean-field description considered here.
Similarly, while the dimensionless load quantifies when pooling rides becomes necessary, the sustainability of
the service in terms of driven distance and emissions is not directly captured in the scaling laws.

The analytic queueing theory model enables the application of this extended universality beyond numerical
simulations. While the mean-field calculations for arbitrary networks cannot be expected to be highly accurate
in real-life settings that are strongly heterogeneous, our results in principle enable a-priori estimates of required
fleet sizes or efficiencies without the need for detailed simulations, complementing existing results*>*>*”2% and
providing a new tool to study the potential of ride-pooling in previously unserviced areas.

Methods

Ride-pooling simulations. We simulate the dynamics of a ride-pooling service with B vehicles traveling
with constant velocity v. We set v = 11in all simulations without loss of generality, measuring time in appropri-
ate units. For every vehicle, we store the planned routes as a list of scheduled pick-up and drop-off stops. Over
time, vehicles drive along the shortest path between consecutive stops and pick up and drop off all scheduled
customers. If a vehicle has no scheduled customers, it becomes idle and does not move until it is assigned a new
customer.

Customers place requests to travel from one node i to another node j # i, distributed uniformly randomly
and independently across all nodes in the network. Requests follow a Poisson process in time with an total rate
A across the network.

Each time a new request is made, the dispatching algorithm iterates over all pick-up and drop-off insertions in
the planned routes of all vehicles to find the offer that minimizes the arrival time of the request without delaying
any previously scheduled customers. In case of multiple options, the secondary and tertiary objectives are the
minimization of the time that the customer spends inside the vehicle and choosing the vehicle with the highest
current occupancy, respectively. For transporters with limited capacities, only those offers are considered for
which the occupancy does not exceed the capacity limit at any time during the trip.

We simulate the dynamics in a variety of different settings described below. Each setting is described by a tuple
of fixed parameters including the network topology ¥, the fleet size B, the normalized load x (or equivalently
the request rate 1) and the capacity limit 6 that applies to all vehicles.

In every simulation, we first distribute the (initially idle) vehicles uniformly randomly across all nodes of the
network. We simulate 2000 B but at least 10° requests to obtain an initial equilibrium state. Starting from this
state, we enable the measurement of observables and again simulate in steps of 2000 B but at least 10° requests.
We stop the simulation when the average number of scheduled customers (C) over the last 100 time units devi-
ates less than 10% from the total average (C) over the whole measurement period. Only for Fig. 2b in the main
manuscript, we slowly increase the load by Ax = 0.05 and simulated for 1000 or 1000 x requests, whichever is
larger (1000 x requests correspond to 1000 5 = 1000 i = 50 time units with a fleet size of B = 50 vehicles and
an average requested distance ([) = 2.5on the small torus illustrated in the figure).

Model networks. We simulate the ride-pooling dynamics on different street networks 4. Nodes of the net-
work correspond to possible pick-up and drop-oft locations for customers and edges correspond to streets, with
the edge length I(7, j) between nodes i and j denoting the distance between adjacent nodes.

® A minimal graph consisting of N = 2 nodes with [(1,2) = 1(2,1) = 1.

e Asmalland alarge ring with N = 25and N = 100 nodes, respectively, where neighboring nodes i and j have
the distance I(3,j) = 1.

® A complete graph with N = 5,1(i,j) = 1for alli # j.

® A non-periodic square lattice (grid) with N = 100 nodes and I(i,j) = 1for every edge.

e A small and a large periodic square lattice (torus) with N = 25and N = 100 nodes, respectively, and (i, ) = 1
for every edge.

o A simplified city with N = 16 nodes, which resembles a spider web. Four rays point outwards from an
imaginary center. Four nodes are placed on each ray. On every ray, each node is connected to its neighboring
node(s) on the same ray. Furthermore, on each two adjacent rays, the closest nodes to the center are con-
nected to each other, as well as the third-closest nodes to the center. I(i, /) = 1 for any two connected nodes
i, j.

® A Cayley tree with N = 46 nodes and [(i, j) = 1for every edge.

e A small and a large random geometric torus with N = 25and N = 100 nodes, respectively. The networks are
generated from the Delaunay triangulation of N points distributed uniformly at random in the unit square
with periodic boundary conditions. I(4, j) is given by the Euclidean distance between the connected points i
and j with respect to the periodic boundaries.

Measuring pgelay- For each request, the dispatcher finds both the best offer Op respecting the capacity con-
straints and the best offer Ox ignoring the capacity constraints. We define pgelay as the fraction of requests for
which the two assignments Og and O differ in terms of the assigned vehicle, the pick-up or the drop-off time.
A difference in any of these parameters implies that the best offer in the unconstrained system has become una-
vailable due to capacity constraints. Note that the probability pgelay is a measure over requests for a single vehicle
each time, not a direct measure for the fraction of unavailable, fully occupied vehicles.
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Data availibility
Data and code underlying the results in the manuscript and the Supplementary Material is availble in the public
Github repository ‘PhysicsOfMobility/capacity_constrained_pooling™’, https://doi.org/10.5281/zenodo.6624420.
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