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Abstract
Rideshare and ride-pooling platforms use matching algorithms to maximize profit
when pairing riders and drivers. However, these platforms can induce unfairness
either through an unequal income distribution or by biasing toward certain neighborhoods when determining which riders to service. We investigate two methods
to reduce forms of inequality in ride-pooling platforms: by varying the matching
policy and redistributing income. We construct new policies that optimize for a
combination of profit and some form of inequality. We vary the number of drivers
and riders to see how policies perform in different environments; we find that policies that minimize the variance of income also maximize riders served when the
number of drivers is small, indicating that reducing some forms of inequality can
also boost utility. We explore income redistribution as a method to combat income
inequality by having drivers contribute a portion of income to a redistribution pool,
where the amount contributed is dependent upon a risk factor. For certain values of
the risk factor, we maintain near 0 income variance, while still incentivizing drivers
to maximize income, thereby avoiding the tragedy of the commons.
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Introduction

In recent years, ride-pooling services such as UberPool, Lyft-Line, and Didi Chuxing have exploded
in popularity. Ride-pooling services have the benefit that riding costs are split amongst multiple
riders, making it cheaper for riders, while increasing the profit for drivers. Coinciding with this is an
increase in attention from researchers into optimizing how Rideshare companies operate.
Rideshare companies match drivers and riders by employing policies that optimize for an objective
function, typically some function of profit. However, these policies have led to inequalities such as a
gender pay gap, with female drivers earning 7% less than their male counterparts [9]. Many drivers
have expressed a desire for a minimum wage, which is complicated by variation in driver pay even
within the same time of day [23]. Currently, most rideshare matching policies offer no guarantees of
fairness or minimum wage.
Prior research into rideshare and ride-pooling has been split into three primary fields. The first is
to view rideshare as an online matching problem, which can build on prior work in economics and
CS [19, 20]. Online matching has also been used to maximize not just immediate, but also future
profits by employing dynamic programming [28, 24]. There is also past research into incorporating
fairness into rideshare objectives. This includes different notions of fairness, such as driver side, rider
side, and inter-group fairness [21, 25]. Another area of research is an investigation of the rideshare
market, including surge pricing [3]. There has been game theory and economics based research that
uses income redistribution and insurance as a method to mitigate risk and inequality [8].
We deal with the problem of fairness in ride-pooling services, which has not been dealt with prior
and is more difficult than fairness in rideshare due to the increase in combinations of riders and
drivers. We consider fairness on the rider side by considering discrimination between neighborhoods,
which can be generalized to protection amongst protected groups. We pursue two methods of
incorporating fairness: through new matching policies, and through income redistribution methods.
Our contributions are the following
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1. We investigate how inequality varies based on environment parameters such as the number
of drivers and number of riders
2. We propose new policies that aim to maintain profitability while minimizing inequality on
the driver and rider sides, and evaluate their performance on utility and fairness metrics.
These policies optimize for certain measures of fairness, and in certain situations, manage to
outperform other policies on utility metrics.
3. We create two income redistribution strategies by using two different definitions for the
value of a driver. The first is the amount of profit a driver generates, and the second uses
the Shapley value to determine how much profit a driver adds to each subset of drivers. We
show that using income redistribution with certain levels of risk tolerance minimizes income
inequality while incentivizing drivers to maximize income.
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Problem Statement

Ridepool Matching Problem
Rideshare companies such as Uber and Lyft serve as intermediaries between riders and drivers. Each
rider has a requested trip (request), which has a starting and ending point. Each driver has a current
capacity (the number of passengers currently in their vehicle), a maximum capacity (the number of
seats in their car), and a current location. After a certain time interval (for example, one minute),
rideshare platforms centrally match all incoming ride requests to available drivers, subject to capacity
and wait time constraints. Riders who cannot be matched in one batching instance can either be
dropped from the system or be carried over to the next batching process, depending on the details of
the system. For our formulation, riders who cannot be matched are dropped.
We can formally define the problem using the following tuple: (G, U, R, O, D, ∆, P ).
1. G(L, E) represents the graph upon which the drivers reside upon. This consists of a set of
locations, L, and the set of travel times between locations, E. Four our problem, the travel
time between two locations, i and j, is represented as Ei,j .
2. U is the set of rider requests. Each user, ui ∈ U is represented as a tuple ui = (si , ei , ti ),
which represents the starting and ending locations (both elements of L), and the time that
the request originated.
3. R is the set of all drivers. Each ri ∈ R is defined by the tuple ri = (mi , ci , di , pi , si ), where
mi is the maximum capacity of driver i, and ci is the current capacity (how many riders
driver i is currently driving). di is the location of the driver (which is an element of L), pi is
the location of where driver i is going to, and si is the set of previously completed requests.
4. O is the objective function, which aims to balance utility and fairness.
5. D is the set of constraints on matching. These constraints include capacity constraints
(which say that drivers with a car that seats 5 can’t drive 7 people) and lateness constraints
(drivers can’t be more than say five minutes late to pick up a passenger)
6. ∆is the epoch duration, which is how often requests are batched and matched. For all our
experiments, ∆ is 60 seconds.
7. P is the pricing or profit function, which maps a request to some real, positive number
denoting the price charged for the request. In many scenarios, the utility in the objective
function is the pricing function. Throughout this paper, we set p(x) = x + 5, where p(x) is
in dollars, and x is in minutes. We select this because it approximates both the upfront cost
of rideshare companies and the cost per time aspect.
Simulating Requests
We evaluate our policies using real-world data from New York City taxi cabs using a simulator
designed by Shah et al. [24]. Our value of G(L, E) is based on the Yellow Cabs New York taxi
data [7]. The nodes in the graph represent street intersections in Manhattan, while the edges represent
travel time between intersections (in seconds). We fix ∆ = 60, and so simulate 1440 epochs each
day.
Our dataset ranges from March 23rd to April 1st, and from April 4th to 8th. We define our training
data to be data collected from March 23rd to April 1st, and our testing data to be from April 4th.
Each epoch, t, has a set of user requests, Ut . Because all policies will be tested on April 4th, they all
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have the same sequence of user requests U1 · · · U1440 . Each epoch, some subset of Ut is assigned to
the drivers.
We match riders and drivers based on an objective function. The details on how riders and drivers are
matched, based on the objective function, can be found in Appendix A.
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Definitions of Utility and Fairness

We define utility and fairness for both drivers and riders. We note that, as with all operationalizations
of societally-relevant concepts such as fairness, the decision of which definition of fairness to use—if
one is appropriate to use at all—is a morally-laden decision, and one that should be made with the
explicit input of stakeholders. Our definitions are drawn in part from recent reports of (primarily
rider-side) unfairness in fielded rideshare applications [see, eg., 11, 10, 5, 22]; still, we acknowledge
that these need not be one-size-fits-all formalizations of a complicated concept, and view them
rather as illustrative examples of a class of fairness definition that could be incorporated into modern
automated matching algorithms used by rideshare platforms.
Drivers
Recent news has noted wage discrepancies among rideshare drivers [4]. As such, we define the utility
on the driver side as being the total collection of driver profits. Formally, we define the profit for each
PT
iteration, for each driver, as pi,t , and then denote the total profit for each driver as pi = t=1 pi,t .
PN
The total profit is therefore i=1 pi .
We define the inequality of a set of driver profits, by using two different metrics: the variance of
income, and the value of the 25th percentile of income. Rideshare drivers have complained about
inequality in pay amongst drivers, and also have complained about not earning a livable wage [13],
and so develop metrics to measure these. We use standard deviation because it’s a good measure for
the spread of income, while the 25th percentile income is a good measure of how much those on the
lower end of wages earned. These metrics capture both the idea of inequality amongst drivers and
how well drivers on the lower end of the spectrum are doing.
Riders
Inequality results from differential treatment amongst groups of people. For riders, their utility
originates from whether or not their request getsPserviced. As a result, we define rider utility as the
1440
i=1 |li
total percent of rider requests that get serviced, P1440
|b
i=1

i

Formally, we define this by clustering L using KMeans into 10 different regions, corresponding to 10
different neighborhoods (4). We denote the total requests for each of these regions as b1 · · · b10 , and
the number of requests accepted as l1 · · · l10 .
P10

l

i=1 i
The overall utility for all riders is formally defined as P10
, which is the total proportion of riders
i=1 bi
serviced. The inequality for riders is defined similarly to driver-side inequality through two metrics:
the standard deviation in the distribution of rider success rates, by neighborhood, which we formally
define as Var( bl11 ) · · · bl10
, and the minimum success rate of all neighborhoods, or formally, min( bl11 )
10
Lower variance means that all neighborhoods have equal success rates, so we aim to minimize
variance. (We use the lowest, as opposed to the 25th percentile, neighborhood here because there are
only 10 neighborhoods.)
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Policies

We formally define a policy as a function that maps an action (which is a combination of requests)
and a driver to a real value score. After rating all all feasible combinations of riders and drivers, an
integer linear program (ILP) attempts to maximized the combined score, subject to constraints D.
Formally this is represented as
N X
X
o(f, ri,t )ai,f
(1)
t
i=1 f ∈Fi
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Figure 1: Comparison of Requests serviced vs. Fairness at 50 drivers and 200 drivers. We see that at
50 drivers, Income Variance performs optimally, while at 200 drivers, Request performs optimally.
where o is the policy function. We perform preliminary experiments by varying the objective function,
o, and the constraints, D. A complete list of policies from the preliminary experiments are listed in
Appendix B.
We compare the following policies:
1. Baseline - We use o(f, ri,t ) = |f |, where |f | is the number of requests in action f . This
policy aims to maximize the number of requests without the help of deep learning
2. Requests - This policy is from NeurADP [24], and has o(f, ri,t ) = |f |, but uses deep
learning.
P
3. Profit - To maximize profit, let R = u=(s,e,t)∈f P (Es,e ) denote the profit (reward) from
action f . Then o(f, ri,t ) = R.
4. Income Variance - This policy aims to maintain profitability while minimizing driver
side inequality by including a term for the variance of income. Defining p as before,
let p1,t−1 · · · pn,t denote the income distribution prior to action f , and let p01,t · · · p0n,t be
the distribution after including action f . p0j,t = pj,t−1 + R if j = i, and p0j,t = pj,t−1
otherwise. Then o(f, ri,t ) = R − λ(Var(p01,t · · · p0n,t ) − Var(p1,t · · · pn,t )), where λ is a
hyperparameter determining how much to weight minimizing inequality vs. utility. For large
values of t, p does not change much between epochs, and so p0 is a good approximation of
p. Note that the inequality term is negative, as we aim to minimize income variance.
5. Acceptance Variance - This policy aims to maintain profit while minimizing rider side
inequality by including a term for the variance of request acceptance percentage. Let
l
l
the request acceptance percentages prior to action f be b1,t
· · · b10,t
, for each of the 10
1,t
10,t
neighborhoods, and let the acceptance percentages if we accept action f be
l0

l0

l

0
l1,t
b01,t

l0

· · · b10,t
.
0
10,t

l

Then o(f, ri,t ) = R − λ(Var( b1,t
· · · b10,t
)). In other applications, the
· · · b10,t
) − Var( b1,t
0
0
1,t
10,t
1,t
10,t
neighborhoods could be other types of groups, such as ensuring equal treatment for riders
with different genders or races.
We use deep learning to learn the value function for each of these policies outside of the baseline
policy. We use information about driver location and capacity as inputs to the value function. The
details of the Neural Network are in [24].
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Policy Experiments

We test each of the policies on New York City taxicab data to compare the utility and fairness for
each policy. We then explore how different environment parameters affect the performance of each
policy by varying the number of riders and drivers. We find which policies perform optimally for
certain numbers of riders and drivers.
Experiment Setup
The goal of the experiments is to compare how each policy performs at different numbers of riders
and drivers. We compare how the following five policies perform when using New York City taxi data:
4

Baseline, Requests, Profit, Income Variance, Request Variance. These policies represent a variety
of different objective functions, with some optimizing for utility, and others aiming to minimize
inequality. We train all policies except baseline for three days and test all policies for one day.
We vary the number of riders in [10, 50, 100, 200] and vary the number of riders by downsampling
[ 14 , 21 , 1] of all riders. We additionally vary the hyperparameter λ for Income Variance and Request
Variance policies. We run a grid search over all combinations of environment parameters and policies
(with every hyperparameter), to see how policies evolve with a changing environment. The details of
the hyperparameters are in Appendix C.
Our metrics of comparison are the amount of profit, percent of rides serviced, distribution of income,
and distribution of acceptance percentage.
Effect of varying parameters
We compare how changing the number of riders or drivers affects different metrics for different
policies. We list how each parameter affects utility below:
1. Effect of increasing the number of drivers: Larger numbers of drivers increases the
amount of profit, while the profit per driver fluctuates with an increasing number of drivers.
With downsampling at 1, profit is maximized for 10 drivers using the Baseline policy, while
for 50, 100, and 200 drivers, the profit is maximized by the Request policy.
This fluctuation is due to two competing forces: the profit dips due to increased competition,
while the profit increases due to an increased number of training samples, improving model
performance. When the number of drivers increases to 50, the profit decreases because
of the increased competition, but when the number of drivers jumps up to 200, the profit
increases because of the increase in training samples.
2. Effect of downsampling: Increasing the down-sampling ratio increases the number of
riders, and thereby increases the ratio of riders to drivers. When the ratio of riders to drivers
is high, the Income Variance policy performs better, while the Request policy performs
better when the ratio of riders to drivers is low. The Income Variance policy achieves income
equality by giving drivers shorter trips with less profit and giving each driver more trips,
which reduces fluctuation in income due to variance in the length of trips. It is easier to
give each driver more trips when the ratio of riders to drivers is high, which is why Income
Variance achieves more requests serviced than the Request policy when the ratio of riders to
drivers is large.
3. Effect of increasing lambda: On the driver side, the profit is maximized by minimizing λ
for the Income Variance policy, while on the ride side, the requests serviced is maximized
by minimizing λ. On the rider side, λ = 108 achieves the most requests, and λ = 1010
achieves the least requests in all combinations of riders and drivers.
Next, we list how each parameter affects fairness:
1. Effect of increasing the number of drivers: As the number of drivers increases, the spread
of both the income and the request acceptance percentage increases, due to the larger number
of matches between drivers and riders. Increasing the number of drivers also increases
the minimum request acceptance percentage, due to more requests being serviced in all
neighborhoods. Additional results are given in Appendix C.
2. Effect of downsampling: Increasing the down-sampling rate increases the number of riders,
which increases income across the board, but leads to lower request acceptance percentages
for the worst-off neighborhood.
3. Effect of increasing lambda: Larger λ correlates with a higher weight to minimizing
inequality for both the Income Variance and Request Variance policies. Higher λ decreases
the spread of outcomes but also lowers the utility, leading to worse outcomes for those
worst off, in terms of 25th percentile income and lowest request acceptance percentage
by neighborhood. This exemplifies the trade-off between utility and fairness, as when the
spread of outcomes decreases, so does the utility.
Comparison of Policies
We additionally compare the performance of all policies to see how they perform with differing
numbers of riders and drivers. We find that rider side performance can be improved by minimizing
driver-side inequality, while driver-side performance cannot be improved through fairness constraints.
5

Figure 2: Comparison of various methods to redistribute income. Even at high values of r, the spread
of income is small. We also see that the Shapley method tends to decrease the median income, and
skews toward people earning high amounts of income.

Figure 3: Comparing the gain and standard deviation for different values of r. We find that the region
between r = 0.5 and r = 0.85 has the gain increasing without an increase in the spread of income,
meaning that drivers are incentivized to earn more without negatively affecting the income inequality.

This is shown by Income Variance policy achieving more requests at 50 drivers than Request policy
(Figure 5) We also find a tradeoff between reducing the spread of outcomes, and improving the worst
outcomes, on both the rider and driver sides (see also Figure 5). Higher utility is correlated with
better outcomes for those at the bottom, and so policies that achieve higher profit also help raise the
income of those at the bottom. The Income Variance and Request Variance succeed in reducing the
spread, but suffer consequences in utility, exemplifying the utility-fairness trade-off.
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Income Redistribution

We propose a second method to encode a variant of driver-side fairness, though instead of encoding it
at the matching level, we instead attempt to redistribute income at the end of the day. We essentially
view this as a form of profit-sharing, where some of the total profits are redistributed to drivers. Each
driver takes a certain commission from each rider, and the rest is redistributed at the end of each day.
This also serves as a form of risk sharing, allowing for drivers to be inundated from risk on days
where they do not drive as many passengers. This reduces risk for both high earning drivers and low
earning drivers, and reduced income fluctuation.
Value of Driver
We introduce two methods of determining the value of a driver, which we denote by Ai , 1 ≤ i ≤ n.
Ai is a measure of the worth of the driver to the whole system. We consider two definitions for Ai :
the first is that Ai = px , or the profit earned by driver x. The second is that Ai is the Shapley value of
driver x, which is a way of measuring the marginal contribution of a driver to every subset of drivers.
We will give an example, and define it rigorously below.
6

As an example of how the Shapley value works, suppose we had 2 drivers, each in the same location,
and one rider who pays $50. Suppose that the rider is matched with driver 1, then the profit driver 1
gets is $50, while the profit driver 2 gets is $0. However, the Shapley value of each driver would be
$25, as if any driver left, the other would cover the rider, so they would split the pay equally. We use
the Shapley value as a method to determine effort because it smooths out profit from a rider amongst
multiple nearby drivers, and rewards drivers who drive in less populated areas, rather than those who
simply got lucky and got a lot of requests.
The Shapley Value, S(x) is defined as the marginal contribution of the driver to each combination of
drivers: that is, if we let N = 1 · · · n, then
X |s|!(n − |s| − 1)!
S(x) =
v(s ∪ x) − v(s),
(2)
n!
s⊂N \x

where v is the total profit generated by a set of drivers. Note that
sum of Shapley values is the total profit.

Pn

i=1

S(x) =

Pn

i=1

pi , that is, the

To calculate v, we would need to re-run all the epochs for each subset of drivers, for a total of
1440 × 2n matching algorithm iterations, which would be computationally infeasible. Instead, we
make some approximations to compute v quickly.
1. We only consider Shapley values on a per-match basis, so we would consider the value of
each driver for each epoch. That is, instead of calculating v for each day for all epochs, we
instead calculate v for each epoch.
2. Instead of computing the exact value for the Shapley value, we instead approximate it
through a Monte Carlo simulation
We consider three different methods to approximate the Shapley value, and find that all three converge
quickly to the actual Shapley value (Appendix C), so we using the truncated Shapley method [12].
Formalization
Let Ai denote the value of a driver, which is either the Shapley Value or the actual income. We
aim to smooth out the income so that the spread of income is reduced, while still incentivizing
drivers to maximize effort. To do this, we consider a risk parameter, r, 0 ≤ r ≤ 1, which designates
what fraction of their income drivers are willing to forgo to offset risk. When r = 1.0, drivers are
risk-tolerant, while r = 0.0 means drivers are risk-averse.
Our aim is to strike a balance between paying each driver their value and uniformly spreading income
across all drivers. We let drivers keep r × Ai , and redistribute the rest of the money, with Pi denoting
the amount that each driver gets post redistribution.
Pn
Letting the total profit be T = i=1 pi . We then collect all other profits into a central pool which
totals to (1 − r)T . If all income were distributed uniformly, then each driver would get Tn , and so we
distribute to those who earn less than that (that is, all drivers with r × Ai < Tn
For each driver, we distribute an amount proportional to min(0, r × Ai −
(1 − r)T overall to redistribute, each driver gets

T
n ).

min(0, Tn − r × Ai )
Pi = r × Ai + Pn
× (1 − r) × T
T
i=1 min(0, n − r × Ai )

Because we have

(3)

This redistribution strategy helps all who earn less than the uniform distribution, while proportionally
helping those who earned less.
Experiments
We vary the risk parameter, the number of drivers, and the policy used to evaluate how income
redistribution performs (Appendix C). Our aim is a fair income redistribution strategy, while still
incentivizing drivers to work. We determine if an income redistribution is fair by looking at the
25th percentile income, and the standard deviation of income. We additionally wish to avoid the
tragedy of the commons, where agents are incentivized act against the common good, and in this
case, incentivized to put in less effort. To determine this, we look at, for a particular driver, what the
change in income would be, if they generated twice the value. Let x denote the median driver, then
7

let A0x = 2 ∗ Ax and A0i = Ai , i 6= x. We define gain to be
Gain =

Px0
Px

(4)

which represents their increase in income due to putting in twice the effort. The closer that the gain
is to two, the more drivers are incentivized to drive; indeed as if they have twice the value, they get
close to twice the profit in the end. We list our observations below:
1. Effect of increasing the number of drivers - As the number of drivers increases, the
distribution of income tends to spread out more, for a constant value of r. This is because
as the number of drivers increases, there is a larger variety of incomes, spreading out the
distribution.
2. Effect of changing the policy - For all policies, the income redistribution methods have
similar effects, as the spread of income shrinks. In the Income Variance policy, the effect is
especially pronounced, as the spread of income was already small, to begin with, and adding
in income redistribution makes it even smaller.
3. Effect of changing risk factor - As the risk factor increases, so does the spread of income.
This makes sense, as increased risk factor means there’s less in the central pot to redistribute,
meaning more income inequality.
We find that even using high values of r, such as r = 0.9, significantly reduces the income disparity
between drivers. To determine this, we evaluate the effect that changing the r value has upon the
Request policy through the aforementioned metrics. We use the Request Policy at 100 drivers because
it achieves the most profit, and vary r from 0 to 1 in increments of 0.01. To determine the gain, we
take the median driver, and double their wage, and determine the ratio of Pi . Using other drivers,
such as the lowest-earning driver, does not change the findings; see also Appendix C.
While the Gain increases linearly after r = 0.5, the standard deviation of income only starts to
significantly increase around r = 0.8. What this means is that r = 0.8 has a gain of 1.6 , while still
minimizing income inequality, and keeping the 25th percentile income high. Such redistribution
strategies are useful in practice to avoid income inequality while also incentivizing drivers to work.
Discussion
We find that the two different definitions of fairness, the 25th percentile income and the standard
deviation—in addition to the analogous metrics on the rider side—are generally opposed to each
other. This is perhaps unsurprising given the classic and ubiquitous fairness-efficiency tradeoff found
in many economic applications. In our setting, policies that reduce spread tend to also lower income
for everyone. However, interestingly, policies that aimed to reduce driver side inequality ended up
not just reducing the spread of driver side incomes, but also increasing the utility on the rider side
(in terms of the number of rides serviced). This implies that introducing some types of fairness into
the objective function can potentially also positively impact the utility—at least for some aggregate
measures of impact on utility.
The income redistribution strategies can naturally be combined with fairness-focused policies. For
example, for small numbers of drivers, the Request Variance policy achieves more profit than other
policies, while also achieving high rider side fairness. To add in driver-side fairness, it could be
combined with income redistribution so that there is some consideration for both rider-side and
driver-side fairness encoded into the policy, while also maintaining a large amount of profit at the
system level.
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Conclusion

With the rise of ride-pooling services arises the importance of considering fairness—toward both
sides of the market, riders and drivers alike. By adopting state-of-the-art deep-learning-based policies,
we explored policies that increase the number of requests serviced for certain environment parameters,
and also increased fairness across groups. We additionally proposed addressing income inequality by
using profit redistribution to allocate income and alleviate fluctuation in income between drivers. We
developed different methods to redistribute income and found that it is possible to avoid free-riding
while keeping income inequality low.
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Relevance to Workshop
Our work deals with two different methods of incorporating fairness to ride pooling matching policies.
This is done by testing a variety of matching policies that affect which riders and drivers are matched.
Our second method is to implement economic policies that redistribute income to avoid large income
disparities between riders. This is done by using game theory to assess the contributions of the rider
and then redistributes to account for random fluctuations. Our work deals with fair representation in
economic outcomes; our goal is to equalize request acceptance percentages across neighborhoods,
so that everyone has an equal chance at getting serviced in ride pooling. Additionally, our work
tackles the issue of economic equality between drivers by proposing a variety of mechanisms by
which inequality on the driver side is reduced. On the machine learning side, our work utilizes
reinforcement learning to learn equitable policies that reduce inequality in ride pooling matching
algorithms.
Our work has not been published or made available prior to January 1 2017, and is original
work.

Potential Ethical Impact of our Work
We address a specific application of the classic fairness-efficiency tradeoff found in numerous
economic systems. As discussed in Section 3, our method relies on a quantitative definition of
fairness. While we did derive our proposed definitions of fairness from reports of inequality in
rideshare systems [see, eg., 11, 10, 5, 22], we acknowledge that this was a prescriptive decision and,
as technicians rather than domain experts in the greater rideshare space, that decision may not be
the proper solution for all settings where rideshare is deployed. Indeed, measuring, defining, and
incorporating definitions of fairness into automated systems is an area of extremely active research
within the FATE community—and one that is, rightfully, increasingly involving cross-talk between
communities outside of AI and machine learning. We view the potential ethical impact of our work
as largely positive. Indeed, we confidently make the prescriptive statement that considerations of
fairness at both the driver and rider level should be taken into account in some way in rideshare
platforms. That said, as techniques such as those presented in our paper move toward deployment
in real rideshare platforms, an open dialogue with stakeholders—e.g., local governments, riders
and drivers hailing from various backgrounds—is imperative to understand the desires of those
stakeholders [see, e.g., 15].
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A

Simulating Requests

To simulate and match requests between riders and drivers, we use a technique [1] to generate feasible
trips between riders and drivers. Each combination is scored according to the policy used, which is
denoted by the objective function o(st , at ), which scores some action (which is a matching of a set
of requests and a driver) for a state at time t. We then use an Integer Linear Program to match riders
to drivers.
If we let Fti represent all feasible matchings for driver i at time t, where each matching, f ∈ Fti is
a set of requests matched to driver i (including the null matching). We let ai,f
t denote an indicator
value, determining whether the set of requests f is matched to driver i at time t. We aim to maximize:
max

N X
X

ai,f
t o(st , f )

(5)

X

ai,f
t =1

(6)

ai,f
t ≤ 1,

(7)

i=1 f ∈F i

Subjectto∀i,

f ∈F i

∀j ∈ Ut ,

N X
X
i=1 f ∈F i

in addition to the additional constraints in D. Those constraints include the following:
1. One action per vehicle - ∀i,

P

ai,f
t =1
PN P

f ∈F i

2. One request, one action, ∀j ∈ Ut ,

i=1

f ∈F i

ai,f
t ≤1

3. Delay - All requests must be serviced within time wnnn. In our case w = 300.
P
4. Capacity - No driver can be filled past capacity - ∀i, ci + f ∈F i ai,f
t |f | ≤ mi , where |f | is
the number of riders in request f . We assume mi = 4 for our experiments.
We experiment with several policies in this paper that attempt to ensure fairness through additional
constraints (see Appendix B). Any request not matched is dropped. After matching, we recalculate
motion, and employ an algorithm [1] for empty drivers. At the end of each epoch, we calculate
the profit of each driver, pi,t , the locations accepted, Lt , and all the locations of requests, Bt . After
P1440
all epochs, we aggregate the data, and calculate profit
per driver as pi = t=1 pi,t , total profit as
P
1440
PN
i=1 |Li |
p = i=1 pi and overall acceptance percentage as P1440
|B |
i=1

B

i

List of policies

We perform preliminary experiments with the following policies. We split up our policies into those
that include deep learning, and those that don’t.
Without Deep Learning
We will enumerate all the policies without deep learning.
1. Baseline: Our baseline policy aims to maximize the number of requests, or in other words,
o(f, ri,t ) = |f |, where |f | is the number of requests in action f .
2. Nearest Driver: This policy aims to match drivers with the closest driver by giving higher
1
scores to closer drivers. Formally, this is o(f, ri,t ) = minu=(s,e,t)∈f
Es,Pi,t . Recall that Pi,t
is the position of the driver, and s is the starting point for request u ∈ f , so the policy is
inversely proportional to the closest request.
3. Income Entropy: Consider rider incomes p1,t , p2,t , . . . , pn,t .
The entropy of
p1,t , p2,t , . . . , pn,t , written as S(p1,t , p2,t , . . . , pn,t ), is indicative of the spread of the profits;
the higher the entropy, the larger the variation in income. We therefore aim to minimize
entropy in order to reduce inequality, while maximizing profit. We use the generalized
entropy index with α = 0. For a particular feasible action f , the total profit (or reward) from
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Figure 4: The neighborhoods of New York City. Note that only some of the neighborhoods are shown,
and that further neighborhoods are situated North.

P
f is R = u=(s,e,t)∈f P (s, e), where P is the profit function. After accepting action f ,
the total profit of the system goes up by R, while the total entropy of the system changes
by S(p1,t . . . pi,t + R . . . pn,t ) − S(p1,t . . . pn,t ). which we represent as ∆S(p1,t . . . pn,t ).
Our objective function is a linear combination of the change in profit and change in entropy,
regularized by the hyperparameter λ, or in other words, o(f, ri,t ) = R − λ∆S(p1,t . . . pn,t ).
Higher values of lambda skew the objective function towards lower entropy profit distributions, while lower values of lambda skew the objective function towards higher profit.
4. Income Variance: We aim to minimize
P income inequality by minimizing the variance
of the income. As before, R =
u=(s,e,t)∈f P (s, e), and we let Var represent the
variance function. Similar to the entropy case, our objective function is o(f, ri,t ) =
R − λ∆Var(p1,t . . . pn,t ).
5. Request Entropy: To allow for drivers to service all neighborhoods equally, we aim to
minimize the spread of request acceptance percentage. The request acceptance percentages
l
1 ≤ i ≤ 10, for each of the 10 neighborhoods. One method of minimizing
are written as bi,t
i,t
the spread is to minimize the entropy of the request acceptance percentages. We let
be the acceptance percentages prior to accepting action f , and

0
li,t
b0i,t

li,t
bi,t

be the acceptance

percentages after accepting action f . Therefore, our objective function is o(f, ri,t ) =
l0

l

i,t
R − λ(S( bi,t
).
0 ) − S( b
i,t
i,t

6. Request Variance: Similarly, to minimize the spread of request percentages, we aim to
l0

minimize the variance. This makes the objective function o(f, ri,t ) = R − λ(Var( bi,t
0 ) −
i,t

l

Var( bi,t
)
i,t
7. Income Hard Constraint: When matching, we add an additional constraint to enforce
income inequality. We sort the profits p01,t . . . p0n,t , p01,t ≤ p02,t ≤ . . . p0n,t , and add a
constraint that pn,t − pn/10,t ≤ λ ∗ pn/10 + 500, where λ is a hyperparameter. This requires
that the largest income and the 10th percentile income have to stay close, with larger values
of lambda allowing for more inequality, while smaller values of lambda allow for less
inequality.
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Figure 5: Distribution of income for a variety of policies. We see that Request policy achieves the
most profit, while Income Variance policies tend to shrink the spread of income
Neural Policies
We use Neural Networks to develop policies that estimate the value function for a state using the data
from matches. We use information about driver location and capacity as inputs to the value function.
Our policies using neural networks vary in their objective function, as well as using additional inputs
for the neural network. We list policies that use deep learning
1. Request: We use the Request value function as one policy [24]. This policy uses an objective
function of o(f, ri,t ) = |f |, prioritizing the number of requests serviced, and is essentially
the baseline policy with a neural component.
2. Income Entropy: This is the neural version of the equivalent non-neural policy.
3. Income Variance: This is the neural version of the equivalent non-neural policy.
4. Request Entropy: This is the neural version of the equivalent non-neural policy.
5. Request Variance: This is the neural version of the equivalent non-neural policy.
6. Profit: This policy optimizes only for profit, and is similar to Request policy, except for
profit
Additionally, for the income entropy and variance policies we add an extra input to the neural network,
called "driverz", which calculates the z-score for the income of a driver.
After performing preliminary experiments on these policies, we find that Variance based policies
achieve higher fairness than those involving entropy.

C

Experimental Results

Hyperparameters
We run experiments to investigate the performance of each policy with a variety of λ. We list
hyperparameters for each policy
1. Baseline: We run the baseline policy without training (as it’s a non-neural policy), and
testing for 1 day.
2. Requests: We run the requests policy by training for 3 days and testing for 1 day.
3. Income Variance - We run the Income Variance policy by training for 3 days and testing
for 1 day. We use λ = {0, 61 , 62 , 36 , 46 , 65 , 66 }
4. Request Variance: We run the Request Variance policy by training for 2 days and testing
for 1 day. We use λ = {108 , 109 , 1010 }
5. Profit: We run the Profit policy by training for 3 days and testing for 1 day.
Experiments
We find that as the number of drivers increases, the request policy achieves more profit. We plot the
distribution of income for each of the 4 levels of drivers with downsampling at 1.
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Figure 6: Plots of income distribution with varying numbers of drivers

Figure 7: Plots of income distribution with varying amount of downsampling
We also note that the spread of income decreases with increasing lambda when using the Income
Variance policy. Also, note that the spread of the Request policy increases as the number of drivers
increases.
We additionally plot the income distribution by changing the downsampling rate. We find that as the
downsampling rate increases, there is more profit due to more riders being available for drivers. The
plots use 100 drivers and vary the downsampling rate.
Shapley Experiments
We try three different methods of approximating the Shapley value. The first is from the truncation
method presented by [12]. The second, “random,” is done by randomly simulating twice for each
driver over a certain number of iterations, once with the driver, and once without. The third is due
to [2]. These values are averaged to predict the Shapley value for each driver. We compare these with
the true Shapley value (on a small number of drivers, where we can manually compute the Shapley
value), and find that both converge relatively quickly. We then compare how quickly they converge
for large values of the number of drivers, and find that error decreases rapidly. Figure 8 shows the
empirical convergence of the approximation.
When approximating the Shapley distribution, we use each of the 3 algorithms, and stop after reaching
2n iterations.
Redistribution Experiments
For Neural Policies, we use the following hyperparameters: λ = 13 for income variance, and λ = 108
for request variance, and train each for 3 days. We then see how varying environment parameters
affect the distribution of income. We compare the distributions of policies at different number of
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Figure 8: Convergence of computational approximation of Shapley value to the true, exhaustivelycomputed Shapley value.
drivers, and find that the distribution of Shapley values tends to widen with an increasing number of
drivers.
Comparing Gain for Different Drivers

Figure 9: Gain vs. R using the 25th and lowest drivers
Figure 9 plots gain versus R for the 25th percentile and lowest drivers. We exhibit that the distributions
are similar to the distribution using the median driver, with the range of values for which the gain
increases varying based on which driver is used.

D

Related Work

We build on prior work in matching in Rideshare and ride-pooling, fairness in Rideshare, and risksharing. Past work on matching helps us develop a framework to evaluate policies, and we use work
on fairness and risk sharing to construct new policies and methods of income redistribution.
Matching in Rideshare
Prior work has viewed the rideshare and ride-pool matching problems as an instance of the Markov
Decision Process framework. Much of this work has approached the problem from an online matching
perspective, where deep learning is used offline to learn the value of the state, and is used to optimize
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matches online [19, 18]. To deal with the complexity of the ride-pool matching problem, past work
has used Approximate Dynamic Programming has been used in conjunction with deep learning to
efficiently match riders and drivers [24]. Additionally, there have been algorithms that deal with what
unmatched drivers should do [1].
Fairness
Fairness in rideshare and ride-pooling has been studied from both an algorithmic perspective and a
social science perspective. Past research discusses a trade-off between profit and certain definitions
of fairness in rideshare, which can be adjusted through a parameter [21, 17]. These works also prove
bounds on how much profit can be sacrificed for a certain amount of fairness. Our work builds on
these past work by considering the empirical aspect, and also considers fairness among both drivers
and riders. Additionally, past work has looked at matching riders with other preferred riders, while
still maintaining optimality [27].
While rideshare companies have increased the rate of service for passengers [26], fairness amongst
drivers is still an issue. There have been reports of disparate treatment by rideshare companies for
certain sub-populations in terms of differences in wait-time between black and non-black riders [6].
There are also cases where rideshare drivers cannot achieve a liveable wage due to income inequality
in rideshare [13].
Risk Sharing
There has been a variety of scenarios where risk sharing is used as a mechanism to avoid fluctuations
in risk. Rainfall insurance is used to account for income loss due to fluctuations in how much it
rains [8]. This is done by equalizing the amount of utility while reducing the variation in outcomes.
Risk-sharing has also been done through contracts to minimize risk in labor [14]. These contracts
have been shown to help achieve equilibrium in certain marketplaces [16].

17

