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1. Introduction

Recent advancements in data accumulation and reinforcement learning (RL) algorithms have rev-
olutionized the operational dynamics of on-demand food delivery platforms such as FoodPanda,
DoorDash, and UberEats. These platforms now leverage sophisticated, opaque RL systems to make
personalized order assignment and payment-setting decisions tailored to individual couriers, based
on historical work-related data like order acceptance and rejection patterns. While these algorithmic
enhancements improve labor management and customer experiences, they raise significant ethical
concerns. Differentiated order allocation and payment settings can result in discriminatory profil-
ing, where couriers in the same location and time may face unequal opportunities and payments
for identical work, challenging the principle of ”equal pay for equal work.” Moreover, platforms can
exploit these algorithms to identify couriers more reliant on the platform, subtly coercing them
into longer hours for minimal pay, exacerbating tensions with gig workers and threatening the

sustainability of the sharing economy.

Despite the growing importance of these issues, research on algorithmic discrimination in food
delivery platforms remains limited. Most studies, such as (Zhang et al.[2023, |Raman et al.[2021]),
focus on zone-level disparities rather than individual-level discrimination, leaving the interplay
between order assignment and payment-setting underexplored. To address this gap, we examine
algorithmic labor management in a food delivery market where a platform coordinates customers,
couriers, and restaurants via decisions like order bundling, assignment, and personalized payments,
using a Markov Decision Process (MDP) tailored to each courier’s historical data. This is, to our
knowledge, the first study to jointly analyze order bundling, discriminatory order assignment, and
personalized payment-setting.

We propose a novel multi-action, multi-agent deep RL framework, integrating Double Deep Q-
Network (DDQN) for discrete order assignments and Proximal Policy Optimization (PPO) for con-
tinuous payment decisions. The algorithmic framework is validated using real-world food-delivery

data from Hong Kong. Surprisingly, couriers with higher reservation values and order rejection
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rates receive more orders during peak hours, contrary to the expectation that they would be disad-
vantaged due to higher incentivization costs. Even more counterintuitively, despite receiving more
orders and higher payments per trip time, these couriers earn less during peak hours than those
with lower reservation values and fewer orders. This arises from the platform’s subtle strategy of
assigning longer-distance trips to couriers with lower reservation values, indirectly penalizing those
with higher reservation values. These findings expose implicit biases in the platform’s profit-driven

algorithms and highlight areas for potential government regulation.

2. Methodology

This paper examines a platform managing on-demand food-delivery services by coordinating cus-
tomers, restaurants, and couriers. At each time step, the platform decides on order bundling, assign-
ment, and payment based on couriers’ historical behavioral data (e.g., order acceptance/rejection
patterns) and their spatial relationship with orders. Couriers, treated as independent contractors,
strategically accept or reject orders based on payment, order attributes, and personal reservation
values, where higher values reflect greater selectivity due to less reliance on the platform. Based on
this, we formulate an MDP model with courier details (e.g., location, onboard orders) and order
details (e.g., origin-destination) as states, order assignment and payment as actions, and total
profit as the reward. To find the optimal strategy for the MDP, a DDQN is first employed for order

assignment, followed by the use of PPO to determine the payment for each courier-order pair.

First, we explicitly represent the policy as a joint vector comprising two sub-policies, each cor-
responding to the discrete and continuous decisions, respectively. Specifically, we define the policy
as m = [r4, wF], where 7 pertains to order assignment, mapping the system state s;; to the
order assignment decision «;;, and 7" relates to payment-setting, mapping the system state s, ; to
the payment-setting decision p; ;. We follow the paradigm of independent MMARL, viewing each
courier as an agent and distributing the global state, action, and reward among them individually.
Interestingly, we observe that the V-value of PPO equals the Q-value of DDQN under the optimal
assignment action. As a result, we reuse the Q-network in DDQN as the critic for PPO to enhance

stability and efficiency. Due to space limit, we omit the technical details and hereafter present the

interesting insights obtained from the proposed algorithmic framework.

3. Numerical Experiments

To validate our proposed reinforcement learning framework, we applied the model and solution
algorithm to a real-world case study in Hong Kong, utilizing actual food delivery data. The exper-
iment is illustrated in Fig. [I} Due to page limitations, we primarily analyze the results for the peak
period. Intuitively, couriers with higher reservation values might be disadvantaged in order alloca-

tion because the platform would need to offer higher rates to incentivize these couriers to accept
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orders. Contrary to this expectation, surprisingly, Figure [La] reveals that during the peak hour, the
number of orders assigned to couriers is an increasing function of the courier’s reservation value.
This suggests that couriers with higher reservation values actually receive more orders during the
peak hours, which contradicts our initial intuition. Furthermore, what’s even more surprising is
that although couriers with higher reservation values receive more order assignments and benefit
from higher payments per unit of trip time, their earnings during the peak hours are actually

lower than those of couriers with lower reservation values who receive fewer orders, as evidenced

by Figure
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Figure 1 Experiment results under difference reservation values of the couriers.

To explain the counter-intuitive observation that couriers with higher reservation values have
a higher number of orders yet lower hourly earnings, we note that their earnings per trip must
be lower. This paradox arises even though the payment per unit time is higher for couriers with
higher reservation values. since the payment per trip is calculated as the payment per unit time
multiplied by the trip time, this suggests that couriers with higher reservation values are more
likely to receive orders with shorter distances. To validate this hypothesis, we examined the average

trip time and the total trip time served by couriers as a function of their reservation values. Figures
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and clearly show that the average trip distance is a sharply decreasing function of the
couriers’ reservation values. This reveals an interesting strategy by the platform to differentiate
order allocation among couriers: rather than discriminatory order allocation based on volume,
the platform implements a more subtle discriminatory strategy where longer distance trips are
preferentially allocated to couriers with lower reservation values, which opaquely penalizes couriers
with higher reservation values, causing them to deliver more orders but earn less. This strategy is
particularly rational for the platform during peak times, when the demand is high and supply is
limited. Long-distance orders are economically more valuable and generate greater revenue for the
platform, making it crucial that these orders are accepted as a priority. Therefore, couriers with
lower reservation values, who are more likely to accept orders, are strategically prioritized for these
long-distance orders to minimize the risk of losing high-value customers. It is important to note
that such implicit bias in order allocation is not explicitly designed by the platform but is deeply
embedded in the machine learning algorithms used. This phenomenon, often referred to in existing
literature as “algorithmic labor manipulation” (Yang et al.|2024), highlights the complex ways in
which data-driven decision-making can inadvertently lead to biased or unexpected outcomes in
labor markets.

4. Conclusions

This paper presents a novel reinforcement learning framework to assess algorithmic labor man-
agement in on-demand food delivery platforms. We analyze a profit-driven platform employing
discriminatory order assignments and personalized payments, optimized via a multi-action, multi-
agent approach using DDQN for discrete order strategies and PPO for continuous payment deci-
sions. Validated with real-world Hong Kong data, our study reveals that in peak hour, the platform
subtly allocates longer-distance trips to couriers with lower reservation values, causing those with
higher reservation values to receive more orders but earn less due to shorter trips. Future research
will explore courier scheduling and regulatory policies to address ethical concerns in algorithmic

labor management.
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