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Abstract: Crowdshipping establishes a short-term connection between shippers and indi-
vidual carriers, bridging the service requirements in last-mile logistics. From the perspective
of a carrier operating multiple vehicles, this study considers the challenge of maximizing
profits by optimizing bid strategies for delivery prices and transportation conditions in the
context of bid-based crowdshipping services. We considered two types of bid strategies:
a price bid that adjusts the RFQ freight charge and a multi-attribute bid that scores both
price and service quality. We formulated the problem as a Markov decision process (MDP)
to represent uncertain and sequential decision-making procedures. Furthermore, given
the complexity of the newly proposed problem, which involves multiple vehicles, route
optimizations, and multiple attributes of bids, we employed a reinforcement learning (RL)
approach that learns an optimal bid strategy. Finally, numerical experiments are conducted
to illustrate the superiority of the bid strategy learned by RL and to analyze the behavior of
the bid strategy. A numerical analysis shows that the bid strategies learned by RL provide
more rewards and lower costs than other benchmark strategies. In addition, a comparison
of price-based and multi-attribute strategies reveals that the choice of appropriate strategies
is situation-dependent.

Keywords: reinforcement learning; crowdshipping; bidding strategy; multi-attribute strategy

1. Introduction

The importance of last-mile logistics has increased with rapid growth in e-commerce.
Last-mile delivery is the last step of the distribution process, in which an item is sent
out for final delivery to the customer. Well-managed last-mile delivery is essential for e-
commerce, as it enhances customer satisfaction, provides a competitive edge, and improves
cost efficiency. In addition, last-mile delivery is the most challenging part of the entire
distribution process, incurring the highest costs and increasing customer expectations for
quick and flexible delivery services.

Crowdshipping is emerging as a popular alternative to last-mile delivery. Unlike
traditional systems, in which shippers directly make long-term contracts with carriers who
own trucks and human resources for delivery, crowdshipping establishes a short-term
connection between shippers and individual carriers through an online platform service
known as a crowdshipping marketplace [1]. Large carriers in traditional systems have
successfully lowered delivery costs by taking advantage of economies of scale; however,
they cannot satisfy various customer needs. In the spot market, crowdshipping solves
such problems by utilizing crowds of individuals that allow shippers to efficiently find an
available carrier and carriers to provide quick and flexible services while lowering delivery
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costs [2]. There have been many crowd-delivery platforms launched in the market since
the 2010s. These crowd-delivery platforms have implemented crowdsourcing services for
the last-mile segment and continue to experience sustained market growth as innovative
services leverage the latest digital information technologies.

Crowdshipping services generally consist of five stages [3]: (1) a shipper post-delivery
request (request for quote, RFQ) on the platform, (2) crowd carriers participating in the
bidding, (3) bids are evaluated and awarded through the platform, (4) carriers pick up and
deliver the requests, and (5) settlement (Figure 1). Among these five stages, the bidding
and awarding process based on the pricing policy is the most critical step in determin-
ing the characteristics of crowdshipping services. Pourrahmani and Jaller [4] classified
crowdsourcing pricing policies into three types: (1) a flat rate payment, (2) fixed price
plus additional fees, and (3) bid-based pricing. Lafkihi et al. [5] suggested maintaining
a simple fixed pricing policy to attract market participation during the early stages of
crowdshipping services. However, bid-based pricing policies are worth considering after
achieving economies of scale, given the limitations of fixed pricing policies in reflecting di-
verse needs, such as distance, route, characteristics of delivered products, and delivery time.
Among the various research topics related to online platform environments, where multiple
crowd carriers compete in response to shippers’ delivery requirements, developing optimal
bidding strategies is significantly focused.
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3) Bid evaluations s Tl

RS ! SR 5) Settlement

+ Reinforcement learning approach for

| i
| O-D, Freight charge, Pickup | 2 Biad: E E
H ! iddin i imizi idding = !
! and delivery time window, | 9 ; cptlr?mlrg a. b?ddl.r'g strategy - :
! Carge weight, etc. ! Competitors E * Routing eptimizaticen and fleet assignment :

_____________________________________________________________

Figure 1. Service flow of a crowdshipping platform.

Bid-based pricing involves crowd carrier bidding based on the shipper’s request
conditions with platform matching to consider multiple bidding conditions. Here, carriers
decide to maximize their profits by bidding with conditions superior to those of competitors
and increase their chances of winning contracts. According to Lafkihi et al. [5], 83% of
academic studies on pricing decisions for delivery services focus on auction mechanisms
that rely on bidding and awarding strategies, including optimization [6,7] and game-
theoretic approaches [8,9]. Nonetheless, despite earlier work, research on pricing methods
is still in its early stages, and studies on carriers’ pricing strategies and optimal algorithms
remain limited.

Notably, research has expanded traditional deterministic optimization models to
probabilistic optimization models to solve the optimal bidding decision problem from
the carrier’s perspective [10-12]. However, these studies generally target fixed truckload
(TL) routes and multiperiod demands, making them less suitable for the last-mile delivery
sector, a key application area for crowd delivery.

Pourrahmani and Jaller [4] conducted a comprehensive literature review of crowd
delivery. Their review highlighted the need for advanced models and algorithms to
facilitate connections between shippers and crowd carriers, particularly emphasizing
the use of artificial intelligence techniques to address uncertain and dynamic business
environments. In the context of bidding strategy development for carriers, recent research
employing artificial intelligence (Al) techniques, such as reinforcement learning (RL), has
been actively explored [13-18].
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Kang [13] and Kang et al. [14] applied RL techniques to derive order-acceptance
policies to maximize the expected revenue of a single delivery truck. However, these
studies focused solely on optimal order management policies without proposing specific
bidding strategies. Guo et al. [15] proposed the use of a deep Q-network (DQN) model,
a representative technique of deep RL (DRL), to develop bidding strategies for auction-
based logistics service platforms aimed at connecting shippers and carriers. Nonetheless,
this study considered only a single vehicle and a single attribute (i.e., price) and used simple
simulations to account for route changes and cost increases due to new orders, rather
than optimizing transportation routes, which is critical for bidding price determination.
Xiao et al. [17] demonstrated through numerical experiments that multi-attribute bidding on
auction-based crowd delivery platforms is superior to single-attribute bidding or fixed-rate
policies in terms of social welfare. In response to the importance of multi-attribute bidding
strategies, Li et al. [18] examined the development of multi-attribute bidding strategies for
carriers on crowd-delivery platforms. However, Li et al. [18] proposed a tree search-based
sequential heuristic algorithm for multi-attribute bidding strategy development without
considering the optimization of bidding strategies.

This study aimed to move beyond the simplistic and restrictive assumptions addressed
in previous research to develop a more realistic and detailed model. To achieve this, we
extend the research of Guo et al. [15] and Li et al. [18] by proposing an Al model (i.e.,
RL and route optimization) to optimize multi-attribute bidding strategies for carriers
operating multiple vehicles. Referencing Guo et al. [15], this study integrates RL with
route optimization models to establish optimal bidding strategies in dynamic environments
while considering existing transportation routes. Additionally, it incorporates procedures
for developing multi-attribute bidding strategies into the RL model, as demonstrated by
Lietal. [18].

This study addresses a significant practical challenge for carriers operating within
the increasing bid-based crowdshipping market. In this competitive environment, carriers
must strategically determine their bids, balancing potential profit with the likelihood of
winning contracts. The ability to satisfy service quality requirements, particularly meet-
ing tight pickup and delivery time windows, is not merely a preference but a crucial
factor directly impacting profitability due to associated penalties. Furthermore, carriers
often manage multiple vehicles, requiring complex coordination and dynamic decision-
making as new requests arrive sequentially and operations unfold. Traditional deterministic
or simpler probabilistic models are often insufficient to capture the dynamic, uncertain,
and multi-faceted nature of this problem. By developing a RL model integrated with route
optimization, our research provides a sophisticated approach for carriers to learn optimal
dynamic bidding strategies that account for multiple vehicles and prioritize both price
and service quality, thereby offering a practical tool to enhance operational efficiency and
profitability in real-world crowdshipping operations. This focus on a carrier’s dynamic op-
erational strategy in a competitive, quality-sensitive environment highlights the immediate
applicability and practical value of our research.

This study considers the problem of maximizing profits by optimizing bidding strate-
gies for delivery prices and transportation conditions from the perspective of a carrier
operating multiple vehicles on a bid-based crowdshipping platform with multiple compet-
ing companies. Specifically, the bidding strategy developed in this study, which considers
multiple attributes, provides various pricing alternatives for delivery conditions on a
bidding-based crowdshipping platform. This approach offers new business value and
opportunities by satisfying the needs of shippers and carriers.

Given the complexity of the newly proposed problem, which involves multiple ve-
hicles, route optimizations, and multi-attributes of bids, advanced RL techniques capable
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of handling large-scale problems are required. By employing RL techniques, the model
introduces flexibility to account for transportation history and future uncertainties. We
developed solutions based on RL and optimal control theory to overcome the limitations of
the existing research (e.g., single vehicles, consideration of only a single attribute such as
price, and insufficient consideration of dynamic environments).

Compared with the existing research, this study considers three innovative features: a
model considering multiple vehicles, a model considering multi-attribute bidding strategies,
and solving dynamic decision-making problems using Al techniques.

Our specific innovative contributions over existing research are summarized as follows:

- The model accounts for a carrier operating a fleet of multiple vehicles, which is a more
realistic representation than models focusing on a single vehicle.

- The research models and optimizes bids that consider not just price but also service

quality, such as flexibility in pickup and delivery times, allowing for more nuanced
strategic decision-making.

- We solve dynamic decision-making problems using Al technique such as RL and

integrates it with route optimization to address the complex, uncertain, and sequential
nature of carrier bidding in this dynamic environment, overcoming limitations of
deterministic or simpler probabilistic models.

The remainder of this study is organized as follows. Section 2 begins with the problem
description and its formulation as an MDP model. Section 3 presents the RL-based solution
approach. Section 4 presents the numerical tests and shows the value of the proposed
bidding strategy. Finally, Section 5 concludes the study by summarizing the key findings.

2. Problem Description

In this study, we considered a crowdshipping platform involving multiple shippers
and carriers. Any shipper can register an RFQ on the platform, and each carrier participates
in the bidding process by considering the state of its multiple operating vehicles. An RFQ
includes information such as origin—-destination (O-D) locations, time windows defining
the upper and lower bounds for pickup and delivery times, cargo weight, and freight
charge, which are calculated per km. As multiple shippers register RFQs on crowdshipping
platforms, RFQs are registered at arbitrary time intervals.

Let t° and 7 denote the desired pickup and delivery times, respectively. If the current
time is ¢, then the pickup request period is (#* — 7,t° + 1) = (t +t — T,t + ¢ + 7), where
t and T are the time allowance and window for pickup at the origin, respectively. RFQ
requests carriers to deliver an order within a period between -t 4 =(t+F—1,
t +f+ ), where f and 7 are the time allowance and window for delivery to the destination,
respectively. Here, f is longer than the average travel time between pickup and delivery
locations, assuming the vehicle moves at a constant speed along the Euclidean distance
between the two points. We randomly generate ¢, f, T, the freight charge, and cargo weights
presented by the shippers in the RFQ from uniform distributions.

Upon the arrival of a new RFQ on the crowdshipping platform, carriers respond to
the RFQ by participating in the bidding process. In this context, carriers must establish a
bidding policy that maximizes both the chance of winning the bid and the resulting profit,
considering their competitors.

The bid price is the amount the carrier is willing to pay for the RFQ. A carrier deter-
mines its bid price by adding a margin or discount to the freight charge provided in the
RFQ, considering the cost of delivering freight to the destination and the probability of win-
ning the bid [11,19]. Let p and a represent the freight charge and carrier margin or discount
of the RFQ, respectively. Subsequently, the carrier’s bid price becomes p; = p; x (1 +a;).
If the delivery cost exceeds the bid price, the carrier expects a negative profit. Conversely,
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the carrier may achieve a profit if the delivery cost is less than the bid price. The carrier
should satisfy the pickup and delivery time windows, which represent the service quality
level that the carrier is willing to provide. Referring to Zhang et al. [20], if the carrier fails
to meet the pickup and delivery time windows, profit is penalized. Let us define c; as the
carrier’s delivery cost for vehicle j. If the time differences between the proposed pickup
and delivery times of shippers and carriers are Ap and Ap, respectively, the carrier’s profit
becomes Equation (1), reflecting the unit penalty costs « and S.

pi — m].in cj—alo — BAp (1)

In this problem, carriers should dynamically consider the operating conditions of their
vehicles in an environment in which multiple RFQs arise sequentially to generate optimal
bids. Therefore, a carrier’s decision-making problem is defined as a typical sequential
decision-making problem. In the next section, we formulate the problem as a Markov
decision process (MDP).

2.1. MDP Model: Price-Based Strategy

This section provides an MDP model that represents the decision-making process
of a carrier with the notations presented in Table 1; however, we arbitrarily drop the
indices for simplicity. The carrier observes the state when ith RFQ is registered on the
platform. State s is composed of the cumulative odds of winning up to ith RFQ, denoted
by g;, the most recently registered on the crowdshipping platform, and the status of
multiple vehicles operated by the carrier. That is, s; = {w;, q;, u;, Ao, Ap }. The component
q; = {1, tf, T, €;, pi} includes £ and t’lfl that represent the desired pickup and delivery times,
respectively, with an allowable time window of 7;. Additionally, ¢; is the load amount and
pi denotes the prices associated with the RFQ. The vehicle status u; reflects its remaining
capacity when the ith RFQ is registered, whereas Ap and Ap represent the earliness or
tardiness at the origin (O) and destination (d), respectively.

Action af is the margin or discount added to the freight charge provided in the ith
RFQ. The delivery cost of vehicle j for ith RFQ, ¢;j, is calculated by considering the unit
delivery cost ¢ (in currency per unit-km) over the travel distance. Here, the travel distance
includes empty travel and the distance between the origin and destination. Let us assume
a vehicle j travels a distance of ¢;; for ith RFQ. Subsequently, the delivery cost becomes
Cij = cﬂi]-e,-. The travel distance is obtained using a simulator.

We define the reward for a given state-action combination as the carrier’s profit,
depending on whether the bid is successful. If the carrier wins the bid, the immediate
reward is a profit, as shown in Equation (1). Conversely, if the bid is lost because of the
competitor’s lower price, we consider regret as an immediate reward. The crowdshipping
platform evaluates the bids with respect to the bid price under a price-based strategy.
In other words, the carrier that offers the lowest bid price wins the bid.

Equation (2) represents the immediate reward for a given state s; and action af , where
p¢ is the competitor’s bid price.

pi— minj Cij — alNo — ‘BAD if pi < plC

ri(si a}) = P — Pi if pi > pf (2)
pi — min; ¢c;; —alo — BAp \ pf — Pi otherwise
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We aim to determine the optimal bidding policy that maximizes the total discounted
reward as shown in Equation (3).

I
I0j = sup E[Y 7" ri(si,a})] ()
i=1
where 7y and I1; are the discount rate and optimal total discounted reward, respectively,
over I number of RFQs.
Finally, the state transition is a stochastic process influenced by vehicle operations and
RFQs generation. For instance, the vehicle state u;; is regularly updated in the simulator
considering the travel time.

Table 1. Notation summary.

Notation Description

i€{l,...,N} indicesof N RFQs
je{1,...,K} indices of K vehicles

w; cumulative odds of winning up to ith RFQ

qi ith RFQ

pi the freight charge of the ith RFQ

Pi the bid price of the ith RFQ

Cij the delivery cost of vehicle j for ith RFQ

Ujj the status of vehicle j at the moment of observing ith RFQ

a; action for ith RFQ

7 the profit for ith RFQ

lij a vehicle j’s travel distance for ith RFQ

e; the amount of load for ith RFQ

Ao the time differences between the proposed pickup times of shippers
o penalty cost for the time differences at pickup

Ap the time differences between the proposed delivery times of carriers
B penalty cost for the time differences at delivery

2.2. The MDP Model: Multi-Attribute Strategy

We extend the price-based strategy into a multi-attribute model by allowing the model
to evaluate the bid based not only on the bid price but also on service quality (Figure 2).
To accommodate the multi-attribute strategy, we modified the action and reward of the
MDP model given in Section 2.1.

The action is tuple a" = {af , a?}, where a? is the service quality level representing the
time that deviates from the desired pickup and delivery times. For example, assume that an
RFQ requires carriers to complete delivery within (t? — T and t¥ + 7). Given the status of the
operating vehicles, the carrier evaluates the expected tardinesst when accepting the RFQ.
Subsequently, the service quality level becomes Ap = (1 + % +a]) — (t?+7) = t +a — 7.

Unlike the price-based strategy, the multi-attribute-based strategy requires a crowd-
shipping platform to evaluate bids based on both the bid price and service quality. We
constructed an evaluation function that transforms the multi-attribute bid into a single-
valued cost, and the system chooses the one with the lowest cost. Let §/* and p¢ denote
the costs to the carrier and the competitor, respectively, where pi" = f; + aAp + BAp and
p¢ = p§ + aAo + BAp. Equation (4) represents immediate rewards.

pi — mil’l]‘ Cij — aAo — ‘BAD if ﬁ:n < ﬁlc
m

i (si,ai') = pi — Pi if pi > p; (4)
pi —min; ¢;; —alo — BAp V i — pi otherwise

r
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Figure 2. Example of actions under multi-attribute strategy. When a RFQ requires parcel delivery
to be completed within a specific time window and the expected price is $100, there can be various
alternatives that consider different levels of service quality (i.e., earliness/tardiness) and price.

3. Solution Approach
3.1. Deep Reinforcement Learning

The proposed MDP models are ambiguous because of the stochastic nature of trucking
operations and large models that incur dimensionality problems. To address these issues,
we use a model-free RL method that is reasonably scalable and learns an optimal policy with
no assumptions about the system. Figure 3 illustrates a brief framework of RL, containing
two elements: RL agent and the environment.

Q-learning with

i
I
]
: + Batch update
! Function o

State _)' + Replay memory

Mente-Carlo Simulater

I Epsil " orati L H Bidding
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i H + Bid Price
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'
'
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'

Environment
Figure 3. RL framework.

We designed the RL agent based on DQN, which is a Q-learning-based algorithm that
updates the Q-function using temporal difference (TD) errors (Equation (5)).

q(si,a;) < q(si, a;) + afr; + ymaxq, ,q(sit1,aip1) — q9(si,a:)], ®)

where ¢(s, a) is the Q-function, « is the learning rate, and vy is the discount factor. The DQN
method uses deep neural networks to approximate Q functions §(s,a,0), where 6 are
the weights in the deep neural networks. The RL agent uses {§(s,a,6) to determine
the best bid strategy for a given observation of the current state s. In other words,
a* = argmax, §(s,a,0).



Systems 2025, 13, 440

8 of 16

The system environment receives the action and simulates state transitions, such as
vehicle movements, load allocations, and bid evaluations. The environment finally returns
immediate rewards after observing system transitions.

3.2. Environment Simulator

In this study, the simulator provided the necessary information for generating state
transitions and reward signals using the RL algorithm. The simulator includes the follow-
ing elements:

3.2.1. RFQ Generation Process

A set of RFQs was generated for each episode. Each RFQ was then assumed to arrive
sequentially, with its arrival process following a Poisson distribution over a time horizon.
RFQs are generated using the following information: (1) OD locations, (2) pickup and deliv-
ery request times along the time window, (3) parcel load to be delivered, and (4) base price,
which considers the estimated traveling distance with some variations. The OD locations
of RFQs were generated at random points within a range, and the pickup and delivery
request times were generated as arbitrary points and intervals from the current time.

3.2.2. Fleet Operations

This study implemented a simulator to extend the MDP model to an RL model as a
transportation management system (TMS). The TMS is responsible for optimization models
that include transport route optimization for multiple vehicles owned by the carrier, vehicle
assignment for new orders, route optimization, and estimation of costs and transport
conditions. Specifically, the TMS solves the vehicle routing problem from the perspective
of minimizing vehicle speed and fuel consumption using the greening via the energy and
emissions in transportation (GEET) algorithm [21]. The GEET algorithm is an extension of
the distributed arrival time control (DATC) system [21,22], which converts a combinatorial
scheduling challenge involving discrete events in manufacturing into a continuous-time
feedback control problem in the vector space. DATC functions as an iterative algorithm,
obtaining feedback through simulations conducted on a single computer or across multiple
computers in parallel. Specifically, the distributed arrival time controller for each job (in
our case, delivery jobs) uses a local control law and local feedback to adjust the arrival time
of a job in a queue. This eliminates the need for assumptions about job parameters, such
as the number of jobs, delivery sequences, or transportation times, enabling high levels of
local autonomy and decentralized control while relying on minimal global information.
Consequently, this approach is effective for designing a highly autonomous transportation
system with many uncertainties in delivery demands and road conditions.

The TMS is invoked in the following situations within the RL algorithm: (1) When an
RFQ is generated, the expected vehicle travel distance (including the empty travel distance
and OD transport distance), expected earliness/tardiness values, and remaining capacity
when the received RFQ order is hypothetically assigned to each vehicle. (2) When a bid is
won, reflect the corresponding RFQ order in the system and execute it.

The TMS simulator was implemented in C++ owing to algorithm speed issues and
was provided as a DLL file. Within the RL algorithm, this is utilized by invoking it through
wrapper functions.

3.2.3. Competitors and Bid Evaluations

The crowshipping platform evaluates and compares carriers’” bids while satisfying
time windows as close as desired. The RL algorithm suggests a bidding price and/or
service quality (i.e., additional delivery delay) based on its current strategy, whereas the
competitor’s bidding price is randomly determined within a certain range of the base
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price. A carrier wins the bid over other competitors if it offers the lowest bid price and
complies with the pickup and delivery periods. Given the nature of a crowdshipping
platform involving multiple carriers, carriers may have the same price. In such cases,
the bidding result is achieved with a 50% chance. Once the bidding process is complete and
the bid is won, the simulator calculates the reward by considering the winning bid price,
transportation cost, and penalties for earliness or tardiness. If the bid is lost, the difference
between the submitted bid price and the competitor’s price is considered regret and is then
treated as a negative reward (Equations (2) and (4)).

4. Numerical Experiments

In this section, we describe the extensive numerical tests conducted to verify the
performance of the proposed RL model. First, we compare the price-based and multi-
attribute strategies according to their response to RFQs. Additional tests evaluate the
performance according to changes in demand characteristics, which are key components of
the crowdshipping platform service.

4.1. Experiment Design

In this study, a test problem was developed by referring to the literature (Kang et al. [14],
Min and Kang [16]) with additional modifications to several factors. Shippers generate and
register RFQs on the platform at varying time intervals, where the time interval follows an
exponential distribution with the parameter A. We varied the mean interval A from 5 to 60.
The O-D locations of RFQs were randomly generated within a 30 km x 30 km area, and the
O-D distance was at least 5 km. The time window size at the O-D locations was 30 min
(i.e., T = 30). The delivery load was uniformly generated between 50 and 100, and the basic
freight fare was 4000/ unit-km. The vehicles were assumed to travel at a constant speed of
20 km/h. Finally, the unit costs for earliness and tardiness were 0.1 and 0.2, respectively
(ie,a=01,8=02).

Evaluating performance based on environmental factors requires detailed planning
for numerical experiments. The effects of the proposed RL model are verified by address-
ing the following research questions: The first research question aims to compare how
an RL agent behaves under price-based and multi-attribute strategies. In addition, we
evaluated whether the RL agent could win bids against competitors. For this purpose, we
conducted extensive numerical tests and measured the average reward, including revenue
and cost details, and the odds of winning achieved by the RL agent. Second, we evaluated
performance according to changes in demand, such as the mean inter-arrival time of RFQs.
The additional research question aims to test the hypothesis that the two strategies differ
when the demand rate is low or high.

Before evaluating the influence of environmental factors on performance, preliminary
numerical tests were conducted to analyze the learning behavior of the RL agent. In general,
if the RL agent learns appropriately in response to an uncertain environment, the reward
and loss function values are expected to converge as the number of learning episodes
increases. The learning behavior of the RL agent is highly sensitive to the parameters that
constitute the RL model, along with the appropriateness of the MDP model. We tuned the
hyperparameters of the DQN algorithm by running preliminary tests. Table 2 summarizes
the resulting values.

We conducted a set of preliminary tests to determine the sufficient number of episodes
to train the model. Figure 4 illustrates the trajectory of MSE loss and reward, which
indicates that the model converges sufficiently when the number of episodes exceeds
15,000. Therefore, we trained the RL model with 15,000 episodes for further analysis.
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Table 2. Hyperparameters of DQN.
Parameter Value
Q-learning Discount factor vy 0.99
Learning rate « 0.0001
Epsilon for e-greedy 0.9 — 0.001
Target network update frequency 1000 epochs
Experience replay  Batch size 256
Memory size 3000
Learning network Input layer State
Hidden layer 256 nodes
Output layer State x Action
Loss MSE loss
Optimizer Adam
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(a) Loss convergence

599,300

499,300
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(b) Reward convergence

Figure 4. Convergence of the proposed RL model.

For testing purposes, we ran separate simulations using a pre-trained RL agent and
other benchmark bidding strategies. The test was repeated 100 times for each scenario to
obtain statistical validation. Each test randomly generated 200 RFQs and collected detailed

information such as rewards, transportation costs, and odds of winning.

4.2. Effects of Price-Based Strategy

Table 3 presents the performance of the price-based strategy compared with other bench-

mark scenarios. Here, the propsed RL defines an action as a

€ {—10(70, —5%,0%, +5%,

+10%}. For the benchmark scenarios, we similarly consider five fixed bidding strategies in
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which the price margin is set at —10%, —5%, 0%, 5%, and 10% relative to the baseline price.
In addition, we varied the interarrival times between RFQs 5, 10, 15, 30, and 60.

Overall, regardless of the mean interarrival time (1), the proposed RL produces a policy
that is on par with or better than that of the other benchmark scenarios. In particular, when
the mean inter-arrival time is short (e.g., A is 5), the RL agent significantly outperforms the
other strategies. This is because, when the demand inter-arrival time is short, a large volume
of orders has already been received, removing the necessity to continually lower prices to
secure bids or to use an excessively cautious pricing approach. Under these conditions,
aresourceful and efficient bidding strategy is more suitable, and the RL approach is effective
in addressing this situation.

However, when the mean interarrival time increases, accepting the majority of orders
generally becomes advantageous. Consequently, the win rate approaches 100%, and the
RL shows a similar pattern. In particular, at a mean interarrival time of 60, RL bids for
all orders at the lowest price to achieve a 100% win rate, which is essentially the same
approach as maintaining a fixed 10% margin.

In conclusion, the RL-based strategy proved its value when the demand interarrival
times were short, requiring a more sophisticated and dynamic bidding approach. However,
when the inter-arrival times were longer, the performance of RL strategies aligned closely
with that of simple price-lowering strategies.

Table 3. Performance of RL: single-attribute strategy.

A Action (a”) Reward Transportation Costs Odds of Winning

—10% fixed margin —15,132 1909 38.62

—5% fixed margin —9700 1980 36.70

0% fixed margin —1189 1984 34.01

5 5% fixed margin 7425 2042 24.15
10% fixed margin —4918 898 0.00

random —2554 1999 33.94

RL(Ours) 10,578 1876 29.98

—10% fixed margin 22,139 1835 77.84

—5% fixed margin 22,014 1864 68.08

0% fixed margin 21,334 1873 48.60

10 5% fixed margin 9975 1868 25.57
10% fixed margin —4913 574 0.14

random 17,669 1908 47.66

RL(Ours) 23,409 1831 77.02

—10% fixed margin 37,302 1828 93.23

—5% fixed margin 33,127 1853 74.18

0% fixed margin 22,737 1851 49.70

15 5% fixed margin 9910 1677 25.08
10% fixed margin —4986 375 0.09

random 20,887 1893 50.27

RL(Ours) 37,403 1823 93.34

—10% fixed margin 42,906 1758 99.94

—5% fixed margin 34,198 1739 75.34

0% fixed margin 23,310 1593 50.60

30 5% fixed margin 10,043 1205 25.15
10% fixed margin —4945 207 0.12

random 20,593 1716 49.45

RL(Ours) 43,156 1783 99.88
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Table 3. Cont.

A Action (a”) Reward Transportation Costs Odds of Winning
—10% fixed margin 43,418 1544 100.00
—5% fixed margin 34,233 1376 74.97
0% fixed margin 23,367 1127 50.29
60 5% fixed margin 10,214 747 25.35

10% fixed margin —4924 105 0.13

random 21,374 1296 49.86
RL(Ours) 43,363 1539 100.00

4.3. Effects of Multi-Attribute Strategy

In this section, we present the results of the numerical analysis for a multi-attribute

strategy that considers not only the bidding price but also the service quality. We com-

pared the RL approach under the multi-attribute strategy with other benchmark strate-

gies, where the bidding price and service quality were fixed for every RFQ. Here, we

define the action of service quality as a? € {0,10,20,30} in addition to the price action
al € {~10%, —5%, 0%, +5%, +10%}.
Table 4 summarizes the numerical test results. In Table 4, the action is a tuple repre-

senting the bidding price(a”) and delivery time allowance (a7). For example, ‘Action(0,1)’

means 10% discount added to the basic freight charge (a¥ = 0 is —10% fixed margin) and a

delay of 10 min in delivery (a7 = 1).

Table 4. Performance of the multi-attribute strategy (A = 10).

Action (a”, a7) Reward @ Transportation Cost  Odds of Win (%)
RL (0.33,1.99) (@) 24,426 1838 77.81
random 19,885 ** 1910 49.04
(0,0) 22,139 ** 1835 77.84
(0,1) 21,610 ** 1834 77.14
0,2) 22,087 ** 1862 77.41
(0,3) 21,608 ** 1836 77.13
(1,0) 22,014 ** 1864 68.08
(1,1) 23,870 1833 77.51
(1,2) 23,147 * 1852 76.72
(1,3) 23,835 1843 77.33
(2,0) 21,334 ** 1873 48.60
2,1) 21,334 ** 1873 48.60
2,2) 21,334 ** 1873 48.60
2,3) 21,334 ** 1873 48.60
(3,0) 9975 ** 1868 25.56
(3,1) 9810 ** 1894 25.01
(3,2) 9943 ** 1891 25.27
(3,3) 9852 ** 1877 24.99
(4,0) —4913 ** 574 0.14
(4,1) —4946 ** 550 0.12
(4,2) —4992 ** 524 0.02
(4,3) —5012 ** 540 0.01

M *p-value < 0.05, ** p-value < 0.01; @ average values of actions obtained from the RL.

The numerical analysis shows that the RL proposed under the multi-attribute strategy

is at least as good as the other fixed strategies. Although no significant difference exists

in the mean reward, the RL agent increases the reward by 2.3% while attaining a similar

transportation cost compared to the best-fixed strategy of ‘Action(1,1)’. We observed
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a larger performance gap when deviating from the best-fixed strategy ‘Action(1,1)" or
‘Action(1,3)’.

The reward is more sensitive to the bidding price than to service quality. In Table 4,
the reward changes by 8% when we change the action of service quality (a7) from zero to
three. However, the reward of more than 100% changed significantly when the bidding
price changed from zero to 2.

The numerical tests reveal that the RL agent learns a policy that improves the reward
and odds of winning without significantly increasing the transportation cost. The effec-
tiveness of RL can be explained by investigating how an agent behaves in response to
a state. Figure 5 illustrates the actions selected for each RFQ and corresponding states.
The RL agent discounts the price when the trucks have sufficient capacity to increase the
probability of winning the bid. By contrast, the discount rate decreases (i.e., the chosen
action increases from zero to one) as the trucks highly utilize the capacity.

—Available capacity —©-Price Action

1200 1

0.5

Capacity
Price Action

A e

RFQs

(a) Price action

——Pickup tardiness —8-Time Window Action

Tardiness
M N
8 g
8 8
Time Window Action

REQs
(b) Time window action
Figure 5. Action behavior of multi-attribute strategy.
We observed that an action representing service quality (a?) is related to the extent of

tardiness. Figure 5b shows that the RL agent chooses an action of zero (i.e., no additional
allowance for delays in pickup and delivery) when the amount of tardiness is large.
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Moreover, we varied the mean inter-arrival time between two consecutive REQs (i.e.,
A) from 5 to 60 and evaluated the effect of demand strength on performance. Table 5 summa-
rizes the results and presents interesting findings. First, we observe that the multi-attribute
strategy is at least as effective as the price-based strategy for all A values. In particular,
the multi-attribute strategy performs better, showing significant differences in rewards
between the two strategies when A (i.e., the mean interval between two consecutive RFQs)
is between 10 and 15.

The two strategies become statistically insignificant when A is either very large (e.g.,
A is over 20) or small (e.g., A is 5). Regardless of strategy, the RL agent wins against the
competitor for a large A; thus, the chance of winning the bid is close to 100% (see Table 3).
Therefore, the average reward converges as A increases, and no further improvement is
expected (Figure 6).

When A is 5, implying that RFQs arrive frequently, vehicles are expected to be highly
utilized. Therefore, adjusting the time windows has little chance, and the price-based
strategy may provide a similar performance.

Difference —e— Multi-attribute  ---O--- Price-based

50,000 1200

45,000

1000

40,000

35,000 800

30,000
600

Difference

25,000

Average reward

20,000 400

15,000
200

10,000

5000 0
o 5 10 15 20 25 30 35 40 45 50 55 60
Mean arrival interval (A)

Figure 6. Reward comparison.

Table 5. Performance comparisons.

A
Strategy 5 10 15 30 60
Price-based (1) 10,578 23,409 37,403 43,155 43,363
Multi-attribute (2) 10,460 24,426 38,277 43,176 43,410
Diff. (2) — (1) —118 1017 * 496 ** 21 47

** p-value < 0.05, * p-value < 0.1.

5. Conclusions

In a bid-based crowdshipping platform, optimizing the bidding strategy is important
for the carrier to maximize its profit over competing carriers. A carrier should optimize
its bidding strategy, which consists of the price and level of service quality, considering
the shipper’s RFQ), fleet operations, and market situations. This study formulated the
problem as a sequential decision-making problem by employing an MDP framework.
The formulation also accommodates two major bidding strategies: a price-based strategy
and a multi-attribute strategy. To overcome the drawbacks of undefined MDP elements
and dimensionality, we proposed an RL-based approach.

Extensive numerical experiments have yielded several interesting results.
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- Both the price-based and multi-attribute bidding strategies learned by the proposed

RL approach perform at least as well as other fixed strategies for all test scenarios.
In particular, the RL agent outperforms other benchmarks when the demand interval
(i.e., A) is small enough.

- The RL agent learns the bidding strategies that are adaptive to the state of vehicles.

The RL agent increases or decreases the bid price according to the available remaining
capacity of vehicles. In addition, the service quality is sensitive to the amount of tardiness.

- Notably, the comparison of two bidding strategies reveals that the choice of appro-

priate strategy is situation-dependent. The price-based strategy provides similar
performance when the demand interval is extremely small or large, but the multi-
attribute strategy yields better performance for test scenarios with moderate demand.
If vehicles have some free time after delivery, the RL agent can accept an additional
delay in the next pickup and/or delivery. Therefore, the multi-attribute strategy may
achieve better performance.

These findings offer valuable managerial insights for carriers operating in bid-based
crowdshipping platforms. Firstly, the consistent superiority of the RL approach over
fixed strategies, especially in high-demand scenarios, must be beneficial for carriers to
adopt dynamic and adaptive bidding mechanisms. Relying on static rules (e.g., fixed
discount/margin strategy) can lead to suboptimal performance, particularly when the
market is volatile or busy. Secondly, the RL agent’s behavior demonstrates that optimal
bidding is highly contingent on the carrier’s internal state, such as vehicle capacity and
current schedules. Managers should develop systems that allow their bidding strategy to
dynamically adjust price margins based on vehicle availability and potential service quality
deviations such as earliness/tardiness, utilizing operational data to inform real-time deci-
sions. Finally, our comparison of strategies highlights that the choice between competing
primarily on price or leveraging service quality as a bidding attribute is a strategic decision
dependent on market conditions. Under moderate demand, where there is operational
flexibility, multi-attribute bidding can yield superior results, suggesting carriers should
build the capability to offer and strategically price varied service levels. Consequently,
these results indicate that investing in sophisticated, data-driven decision-making tools,
such as the proposed RL model, can significantly enhance a carrier’s profitability and
competitiveness in the dynamic crowdshipping environment.

Several possible directions exist for future research in this field. The current definition
of action should be extended to include more bidding strategies. For example, the proposed
model only considers price and service quality; however, considering a situation in which
partial delivery is allowed would be interesting, so the quantity of delivery becomes an
element of action. Second, additional numerical tests can be conducted for various market
situations. For example, considering whether the RL model is effective even if competitors
propose a bid with a very competitive price or service quality would be interesting. We
expect the agent to learn about the market properly and optimize its actions. From a
methodological perspective, trying various RL approaches (e.g., Actor-Critic) is worthwhile
to achieve better computational performance and solution quality.
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