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Abstract

With the rapid growth of on-demand food delivery, platforms increasingly rely on crowd-
sourced couriers to meet promised delivery times. However, existing approaches often struggle
to maintain robust performance when order volumes surge and courier availability fluctuates,
especially at large scales.
To address this problem, we propose an adaptive uncertainty-aware scheduling framework
that dynamically decides on-demand courier allocation and whether to extend active couri-
ers’ near-ending shifts.
Instead of using traditional Deep Q-Networks (DQN), we adopt Implicit Quantile Networks
(IQN) to model the full return distribution, improving value estimation under environmental
uncertainty.
To better handle heterogeneous operating conditions, we incorporate a mixture-of-experts
(MoE) state encoder that adaptively routes input to experts across operational regimes.
We conduct large-scale courier scheduling experiments with up to 1,000 orders and show that
our approach substantially improves overall performance and convergence efficiency over the
baseline, indicating its potential for deployment in crowdsourced food-delivery operations.
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1 Introduction

Courier staffing and scheduling in food delivery platforms (1; 2; 3; 4; 5) has gained increasing
attention in the operations research community, given their material implications for plat-
form profitability and service-level performance. These platforms require decision makers to
optimize operations subject to service-level constraints while managing operational costs and
courier-related considerations.

Although fixed courier scheduling, with shifts set in advance, offers operational pre-
dictability and cost controllability, it struggles to respond in real time to short-term demand
fluctuations. Motivated by this limitation, this paper develops dynamic staffing strategies that
improve operational efficiency while meeting service-reliability requirements under demand
and supply uncertainty.

Traditionally, staffing and scheduling problems have been addressed using exact opti-
mization methods or heuristic approaches. Exact methods (6) typically formulate the prob-
lem as mathematical programming models and employ robust optimization techniques to
develop tractable optimization formulations for staffing and scheduling decisions. Heuristic
approaches (7) such as adaptive large neighborhood search (ALNS) iteratively apply de-
stroy and repair operators to explore the solution space and generate near-optimal solutions.
However, these methods often struggle with complex multi-objective optimization problems
involving conflicting objectives and large-scale solution spaces. To address these limitations,
metaheuristic methods (8) have emerged, including hybrid algorithms that combine multi-
ple optimization strategies such as NSGA-II and MOPSO with hypervolume-based adaptive
search mechanisms to effectively optimize multiple conflicting objectives.

Despite their computational advantages, these traditional approaches are generally sub-
optimal in highly dynamic environments. In particular, many heuristics are developed under
static or quasi-static problem formulations, in which order information is assumed to be
known over a planning horizon, limiting their effectiveness in environments with stochas-
tic arrivals and rapidly evolving system states. Moreover, such methods typically require
re-optimization from scratch at each decision epoch, which introduces significant compu-
tational latency and often results in myopic decision policies that fail to anticipate future
demand fluctuations.

Deep reinforcement learning (DRL) provides an effective framework for addressing com-
plex sequential decision-making problems, in which agents parameterized by neural networks
learn value functions directly from reward feedback and improve their decisions through
interaction with the environment (9; 10; 11; 12; 13; 14).

However, traditional RL methods exhibit notable limitations when applied to dynamic
courier staffing problem. On the one hand, expectation-based value learning fails to capture
the heavy-tailed return distributions induced by stochastic demand surges, resulting in risk-
insensitive and unstable decisions. On the other hand, standard RL architectures lack two
essential capabilities for real-world delivery operations: the ability to specialize across different
operational regimes (e.g., peak vs. off-peak hours), and the ability to handle delayed capacity
responses inherent in courier onboarding processes.

Unlike traditional DRL methods that rely on expectation-based value learning and mono-
lithic policy architectures, we formulate and propose an adaptive uncertainty-aware schedul-
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ing framework, wherein distributional value estimates are directly learned to enable risk-
sensitive decision-making and regime-specific policy specialization. Unlike existing expectation-
based methods that feature simplified reward modeling, our framework not only achieves
superior operational stability but also does so with minimal architectural complexity.

Our contributions are summarized as follows. (1) We propose an adaptive uncertainty-
aware scheduling framework that explicitly models return distributions rather than point es-
timates, diverging from previous expectation-based methods that overlook operational risks.
(2) We design three synergistic components to instantiate our framework. Particularly, we
employ IQN (36) for distributional value estimation, integrate a MoE architecture (39; 38)
for regime-adaptive policy routing, and introduce an Extend-Shift mechanism that enables
immediate capacity adjustment by proactively extending near-ending couriers’ shifts. (3) Ex-
tensive experimental results on large-scale courier scheduling scenarios with order volumes
ranging from 200 to 1,000 show that our framework not only achieves superior average per-
formance but also exhibits substantially improved operational stability, even outperforming
expectation-based baselines during high-variance periods. Due to its effectiveness and prac-
tical interpretability, our distributional approach is expected to provide valuable insights for
broader stochastic resource allocation domains, paving the way for deployable risk-aware
workforce management systems.

2 Related Work

2.1 Courier Staffing and Capacity Management in On-Demand
Delivery

Our problem addresses dynamic courier capacity acquisition in food delivery platforms, where
the decision-maker must balance service reliability against operational costs by determining
when to hire on-demand couriers. This setting differs fundamentally from classical vehicle
routing, as the primary challenge lies in workforce capacity planning rather than route opti-
mization.

Traditional approaches to workforce scheduling in service operations have relied on stochas-
tic optimization frameworks. Bandi and Gupta (6) formulated operating room staffing as a
robust optimization problem incorporating demand uncertainty through distributionally ro-
bust constraints. In the context of delivery operations, Ulmer and Savelsbergh (18) examined
hybrid workforce systems combining scheduled employees with flexible crowdsourced labor
through a two-stage stochastic program. Luy et al. (19) extended this line by addressing
strategic workforce planning with hybrid driver fleets over extended planning horizons using
fluid approximation models to balance reliable scheduled capacity against uncertain crowd-
sourced supply.

More recently, data-driven approaches have emerged to enable adaptive staffing decisions.
Behrendt, Savelsbergh, and Wang (20) proposed sample average approximation combined
with neural network surrogates to handle courier availability uncertainty in dispatch plan-
ning. Auad et al. (21) advanced this direction by applying deep Q-learning to dynamic courier
hiring, where the agent learns a policy that directly maps system states to hiring actions.
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Saleh et al. (22) proposed a DQN-based approach for dynamically extending committed
couriers’ shifts in response to real-time demand fluctuations. Building on this work, Saleh
et al. (23) compared multiple RL algorithms (DQN, PPO, A2C) for online courier schedul-
ing, demonstrating that PPO achieved superior performance through its clipped objective
function.

2.2 Optimization Methods and RL for Scheduling

Exact optimization methods formulate workforce scheduling as mathematical programming
problems to obtain provably optimal solutions. Beliën et al. (24) developed a mixed-integer
linear programming model for aircraft maintenance workforce scheduling that generates cost-
efficient schedules through column generation techniques. Alfares (25) proposed branch-and-
bound algorithms for employee days-off scheduling that enumerate feasible patterns while
pruning infeasible branches. Ernst et al. (26) presented integer programming formulations for
nurse rostering problems that incorporate shift coverage constraints and work regulations.
Atlason, Epelman, and Henderson (27) introduced an analytic center cutting plane method
combined with simulation for call center staffing that iteratively refines staffing levels through
constraint generation.

Heuristic methods provide computationally efficient approximate solutions for large-scale
routing and scheduling problems. Gendreau, Hertz, and Laporte (28) developed a tabu
search heuristic for vehicle routing with time windows that maintains solution feasibility
through specialized neighborhood structures. Ropke and Pisinger (29) introduced adaptive
large neighborhood search (ALNS) for pickup-and-delivery problems, which dynamically se-
lects among multiple destroy-and-repair operators based on historical performance. Cordeau,
Laporte, and Mercier (30) proposed a unified tabu search framework applicable to multiple
vehicle routing variants through flexible constraint handling mechanisms. Vidal et al. (31)
designed a hybrid genetic search combining population-based exploration with local search
intensification, demonstrating state-of-the-art performance on capacitated vehicle routing
benchmarks.

RL provides a natural framework for sequential decision-making under uncertainty, where
agents learn value functions that guide action selection through experience. Van Hasselt,
Guez, and Silver (32) mitigated overestimation bias through Double DQN’s decoupled tar-
get computation, while Hessel et al. (33) integrated multiple algorithmic improvements—
including distributional learning—into a unified architecture demonstrating superior sample
efficiency on Atari benchmarks.

Distributional reinforcement learning extends this foundation by modeling the full random
return Z(s, a) rather than its expectation. Bellemare, Dabney, and Munos (34) introduced
categorical distributional RL (C51), which discretizes the return support into fixed atoms and
learns their probabilities. Dabney et al. (35) proposed Quantile Regression DQN (QR-DQN),
which directly estimates quantiles of the return distribution at predetermined levels through
asymmetric quantile regression losses. Extending this approach, Dabney et al. (36) developed
IQN, which parameterize the continuous quantile function through neural embeddings, al-
lowing agents to sample arbitrary risk levels and optimize beyond risk-neutral expectations
by targeting conditional value-at-risk (CVaR). Mao et al. (37) applied distributional RL to
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cluster scheduling, demonstrating that modeling job completion time distributions enables
policies that maintain quality-of-service guarantees under load variability.

Architectural decomposition via MoE provides complementary capabilities by enabling
specialized sub-networks to handle distinct input regimes. Jacobs et al. (38) formalized the
adaptive expert framework, where a gating network routes inputs to domain-specialized mod-
ules based on learned relevance scores. Shazeer et al. (39) scaled this paradigm to massive
networks through sparse gating, demonstrating that conditional computation can improve
model capacity without proportional computational cost. In multi-task RL, Devin et al. (40)
showed that modular networks facilitate transfer across robotic manipulation tasks, while
Yang et al. (41) proposed soft expert routing mechanisms that allow gradient-based learning
of task decompositions.

This paper integrates distributional RL with MoE architectures to achieve regime-adaptive
value estimation for delivery operations, where operational regimes shift continuously and re-
quire dynamic expert reweighting based on real-time system state.

3 Problem Formulation

We model the dynamic courier scheduling problem as a Markov Decision Process (MDP)
⟨S,A, P, R, γ⟩, where S is the state space, A is the action space, P : S × A × S → [0, 1]
is the state transition probability, R : S × A → R is the reward function, and γ ∈ [0, 1) is
the discount factor. The agent’s objective is to learn a policy π : S → A that maximizes the
expected cumulative discounted reward:

J(π) = Eτ∼π

[
T∑
t=0

γtrt

]
(1)

where τ = (s0, a0, r0, s1, . . .) denotes a trajectory sampled from policy π, and T corresponds
to the end of the operational period (H0 = 450 minutes).

State Space The state st ∈ S ⊆ R7 at decision epoch t captures both order dynamics and
courier availability. Each feature is normalized to [0, 1]:

st = [s
(1)
t , s

(2)
t , s

(3)
t , s

(4)
t , s

(5)
t , s

(6)
t , s

(7)
t ] (2)

where:

• s
(1)
t =

|Ou
t |

100
: Number of unassigned orders

• s
(2)
t = 1

60
· 1
|Ou

t |
∑

o∈Ou
t
(do − t): Mean remaining time until deadline

• s
(3)
t = 1

60
·mino∈Ou

t
(do − t): Minimum remaining time, capturing urgency

• s
(4)
t = 1

60
· 1
|Ou

t |
∑

o∈Ou
t
(t− τo): Mean waiting time for unassigned orders
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• s
(5)
t = |{o∈Ot:t−30<τo≤t}|

20
: Recent order arrivals (past 30 minutes)

• s
(6)
t =

|Ca
t |

50
: Number of currently active couriers

• s
(7)
t = 1

120
· 1
|Ca

t |
∑

c∈Ca
t
(tendc − t): Mean remaining working time for active couriers

The normalization constants (100, 60, 50, 120) are derived from empirical maximums
observed during preliminary training. This representation jointly captures order pressure
(features 1–5) and resource availability (features 6–7).

Courier Hiring Actions (a1 to a5): For actions (n1, n1.5), the agent hires n1 couriers
with 1-hour shifts and n1.5 couriers with 1.5-hour shifts. New couriers arrive after delay δ = 5
minutes, incurring costs K

(1)
c = −0.2 and K

(1.5)
c = −0.25 respectively.

Reward Function The reward function balances service quality and operational costs:

rt = rlostt + rcouriert (3)

An order is lost if it cannot meet its deadline even if immediately assigned. The penalty is:

rlostt = Klost ·∆Lt (4)

where Klost = −1 and ∆Lt = Lt − Lt−1 is the number of newly lost orders.
The rcouriert is defined as follows:

rcouriert =

{
K

(1)
c · n1 +K

(1.5)
c · n1.5, if at ∈ {a1, . . . , a5}

Kextend · |Cextt |, if at = a6
(5)

We use raw rewards without normalization to preserve cost trade-offs, with magnitudes
naturally falling within [−2.0, 0] per step.

Transition Dynamics The transition probability P (st+1|st, at) is governed by:

• Order arrivals: Time-varying Poisson process with peak periods (11:30–13:00, 18:00–
19:30)

• Courier scheduling: Hired couriers start at t+ δ; extended couriers gain 30 minutes
immediately

• Order assignment: Greedy assignment in ascending deadline order, subject to feasi-
bility constraints
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4 Methodology

Due to the dynamic and stochastic nature of real-time order arrivals and courier availability,
dynamic decision-making is crucial for solving the Dynamic Courier Capacity Acquisition
problem. To handle the sequential decision process under uncertainty, we introduce a DRL
framework based on IQN, regarding the courier dispatching problem as a Markov Deci-
sion Process (MDP), which enables the agent to learn risk-sensitive scheduling policies by
modeling the full return distribution rather than merely its expectation. However, different
operating scenarios, such as traffic surges during peak hours and off-peak hours, often lead
to unstable quality of solutions in single-network deep reinforcement learning methods. To
further improve the solution quality, we propose an integrated architecture integrating the
our framework with a MoE encoder, where multiple expert sub-networks specialize in dif-
ferent demand regimes, and a gating mechanism dynamically selects the most appropriate
experts based on the current system state. Furthermore, we design a novel shift-extension
mechanism that allows the agent to extend the working hours of couriers whose shifts are
about to end., complementing the conventional on-demand courier dispatching strategy and
providing a more cost-effective response to short-term demand spikes.

4.1 Overall Framework

As illustrated in Figure 1, we formulate the dynamic courier capacity acquisition problem as a
MDP and solve it with a DRL framework. The system operates in a feedback loop between the
agent and the courier delivery environment. At each time step, the agent observes the state st,
which is processed by a Distributional Q-Network to estimate the action-value distribution.
Based on this estimation, the agent selects an action at and interacts with the environment.
The environment then returns the next state st+1 along with a reward rt, which is used to
update the agent’s network parameters. This process is repeated over time to improve the
decision policy.

We now detail the state representation, action space, and decision process at each decision
epoch. At each decision epoch t, the environment computes the current system state st, a com-
pact vector that summarizes the supply–demand situation of the delivery system, including
the number of unassigned orders, order deadlines, recent demand trends, and available courier
capacity. The state st is fed into the Distributional Q-Network, as illustrated in Figure 1. .
The network evaluates every candidate action and outputs an action-value distribution for
each action. The agent then selects an action at using a ϵ-greedy strategy: with probability
1 − ϵ it chooses the action with the best estimated value and with probability ϵ it selects a
random action to explore the action space.

The action space consists of two types of actions: Hire Couriers, which hires additional on-
demand couriers, and Extend Shift, which extends the working hours of couriers approaching
the end of their shifts. At each time step t, the environment first identifies all unassigned
orders and sequentially assigns them to available couriers, then updates the states of both
orders and couriers accordingly. The environment returns a scalar reward rt, which combines
a penalty for newly lost orders and the cost of hiring or extending couriers, along with the
next state st+1. The transition (st, at, rt, st+1) is stored in an experience replay buffer for
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training.
Periodically, a mini-batch of past transitions is sampled from the replay buffer. The net-

work’s predicted action-value distributions are compared against target values computed from
a separate, slowly updated target network. The discrepancy is measured by a distributional
loss, which is introduced in Section 4.2, and the network parameters are updated via gradient
descent. This off-policy learning scheme allows the agent to learn from historical experience
without requiring new interactions for every update. At the end of each training epoch, the
learned policy is evaluated on a set of independent test episodes.

Figure 1: Overall Algorithm Architecture

Proactive Shift Extension for Zero-Latency Capacity Control Traditional delivery
scheduling typically relies on reactive courier hiring, whose effect is delayed by onboarding
period(i.e., the time required for newly hired couriers to become operational). Such action
latency can cause short-term capacity shortfalls during demand surges. To mitigate this issue,
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we augment the action space with a zero-latency capacity control option that immediately
increases effective supply by extending the shifts of currently active couriers. The resulting
discrete action space A contains 7 actions:

A = {(n1, n1.5)}(n1,n1.5)∈{0,1,2}2 ∪ {EXTEND}. (6)

Table 1: Action Space Definition

Index Action Cost
a0 (0, 0) No action 0
a1 (1, 0) Add 1 courier (1-hour shift) −0.2
a2 (0, 1) Add 1 courier (1.5-hour shift) −0.25
a3 (2, 0) Add 2 couriers (1-hour shifts) −0.4
a4 (1, 1) Add 1+1 couriers (mixed shifts) −0.45
a5 (0, 2) Add 2 couriers (1.5-hour shifts) −0.5
a6 EXTEND (extend shifts by 30 min) −0.15n

EXTEND action is an additional discrete action available to the agent alongside the
courier hiring actions. When selected, the environment executes the following shift-extension
procedure. First, the system identifies all couriers whose shift is approaching its scheduled
end:

Cextt = {c ∈ Cat : t < tendc ≤ t+∆ext}, (7)

where Cat denotes the set of currently active couriers at decision epoch t, tendc is the scheduled
shift end time of courier c, and ∆ext is the look-ahead window. For each courier c ∈ Cextt , the
shift is extended by a fixed duration:

tendc ← tendc +∆ext, (8)

incurring a per-courier cost of Kextend, which is lower than the cost of hiring a new on-demand
courier. If no couriers are approaching the end of their shift, the action has no effect and
incurs no cost. The hiring of new couriers incurs an onboarding delay δ before they become
available. In contrast, the extension of the shift provides an immediate and cost-effective
response to short-term demand surges by retaining current active couriers.

4.2 Distributional Q-Network Design

The Distributional Q-Network serves as the core component of the proposed framework and
maps the system state to risk-sensitive action values. It consists of two modules: an MoE state
encoder that produces a regime adaptive representation, and an IQN head that estimates the
full return distribution.

4.2.1 MoE State Encoder

In rapid delivery systems, state observations are highly heterogeneous due to fluctuations in
demand and courier availability. A single monolithic encoder may be insufficient to repre-
sent such highly variable dynamics with one shared set of parameters. Inspired by the MoE
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paradigm (39; 38), we replace the conventional MLP state encoder with an MoE module. A
learned gating network then adaptively combines specialized expert subnetworks to produce
a regime aware state representation.

The MoE state encoder consists of two components: a set of K expert networks and a
gating network. Each expert e ∈ {1, . . . , K} is an independent multi-layer perceptron that
maps the input state vector st ∈d (d=7)to a feature representation:

fe(st) = MLPe(st) ∈ Rn, e = 1, . . . , K. (9)

All experts share the same architecture in terms of layer sizes and activation functions, but use
independent parameters, so that each expert can specialize in encoding different operational
patterns.

The gating network g(st) takes the same state st as input and produces a probability
distribution over the experts:

g(st) = Softmax
(
W2 ReLU(W1 st + b1) + b2

)
∈ RK , (10)

where W1, b1,W2, b2 are learnable parameters. The e-th component ge(st) represents the rel-
evance of expert e to the current state. The final state feature φ(st) is computed as a convex
combination of all expert outputs:

φ(st) =
K∑
e=1

ge(st) · fe(st). (11)

This soft routing mechanism allows the encoder to smoothly interpolate between differ-
ent expert representations, rather than performing hard routing that might introduce non-
differentiable switching. In practice, the gating network learns to assign higher weights to
experts that have specialized in the current operational regime. For example, one expert may
become attuned to peak-hour states with high demand, while another focuses on off-peak
states with surplus capacity.

A known issue with MoE architectures is expert collapse, where the gating network con-
verges to routing all inputs to a single expert, leaving the remaining experts untrained.
To mitigate this issue, we follow prior work (39) on MoE training and add an auxiliary
load-balancing loss to encourage uniform expert utilization across each training batch. Let
ḡe = 1

B

∑B
i=1 ge(s

(i)
t ) denote the average gating weight of expert e over a mini-batch of size

B. The load-balancing loss is defined as:

Lbalance = MSE

(
ḡ,

1

K
1

)
=

1

K

K∑
e=1

(
ḡe −

1

K

)2

, (12)

The MoE state encoder produces the feature vector φ(st), which is then passed to the
IQN module for quantile-conditioned value estimation.
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4.2.2 Distributional value estimation

Standard value-based RL methods estimate the expected action value Q(s, a) = [Z(s, a)],
where Z(s, a) denotes the random return. While this scalar expectation suffices for risk-
neutral decision-making, it discards distributional information that is critical in logistics
operations where worst-case scenarios (e.g., massive order losses during peak hours) must be
explicitly managed. IQN (36) address this limitation by learning the full quantile function of
the return distribution.

Instead of a fixed set of quantile levels, IQN treats the quantile fraction τ ∈ (0, 1) as a
continuous input and learns a mapping

Zθ(s, a, τ) ≈ F−1
Z(s,a)(τ), (13)

where F−1
Z(s,a) is the inverse cumulative distribution function (quantile function) of the return.

For any sampled τ , the network output Zθ(s, a, τ) represents the τ -quantile of the return
distribution under state s and action a. This implicit parameterization allows the network to
estimate an arbitrary number of quantiles without being constrained to a predefined grid.

To incorporate the quantile fraction τ into the network, IQN employs a cosine basis
embedding. Given a sampled τ , the embedding vector ψ(τ) ∈n is computed as:

ψj(τ) = ReLU

(
N−1∑
i=0

cos(π i τ) · wij + bj

)
, j = 1, . . . , n, (14)

where N is the number of cosine basis functions, and wij, bj are learnable parameters of
a fully-connected layer. This embedding maps the scalar τ into a high-dimensional feature
space that captures periodic structure across quantile levels, enabling the network to distin-
guish between different parts of the return distribution (e.g., the left tail corresponding to
pessimistic outcomes versus the right tail corresponding to optimistic ones).

The state observation st is first processed by a state encoder to produce a feature vector
φ(st) ∈ Rn. The state feature and the quantile embedding are then fused via element-wise
multiplication:

h(st, τ) = φ(st)⊙ ψ(τ), (15)

where ⊙ denotes the Hadamard (element-wise) product. The fused representation h(st, τ)
is subsequently passed through a merge network—a fully-connected layer followed by ReLU
activation—and a final linear head to produce the quantile value for each action:

Zθ(st, a, τ) = Wq ReLU(Wm h(st, τ) + bm) + bq, (16)

where Wm, bm,Wq, bq are learnable parameters of the merge network and Q-value head, re-
spectively.

During each training step, a set of quantile fractions {τk}Kk=1 and {τ ′k}K
′

k=1 are indepen-
dently sampled from U(0, 1). The network is trained by minimizing the quantile Huber loss:

LIQN =
1

KK ′

K∑
k=1

K′∑
k′=1

ρκτk
(
T̂Zθ−(s

′, a∗, τ ′k′)− Zθ(s, a, τk)
)
, (17)
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where T̂Zθ− denotes the distributional Bellman target computed with the target network θ−,
a∗ =a τ ′ [Zθ−(s

′, a, τ ′)] is the greedy next action, and ρκτ is the quantile Huber loss defined as:

ρκτ (δ) = |τ − 1{δ < 0}| · Lκ(δ),

Lκ(δ) =

{
1
2
δ2/κ, if |δ| ≤ κ,

|δ| − 1
2
κ, otherwise.

(18)

This asymmetric loss ensures that underestimation and overestimation are penalized differ-
ently depending on the quantile level τ , which drives the network to accurately approximate
the entire return distribution.

5 Experiments

5.1 Experimental Setup

Our experiments are conducted in a simulation environment calibrated with real-world deliv-
ery data. The operational cycle is set to H0 = 450 minutes, corresponding to approximately
89 decision steps per episode. To accelerate data collection, we utilize 10 parallel environments
for simultaneous trajectory sampling. The network architectures are configured as follows.

• IQN Architecture: The quantile embedding layer utilizes n = 64 cosine basis func-
tions with an embedding dimension of 256. The feature fusion layer combines state
and quantile embeddings via element-wise multiplication, followed by a dense layer
outputting the action-value distribution.

• MoE Architecture: The backbone consists of K = 4 expert networks, where each
expert is an independent Multi-Layer Perceptron (MLP) with hidden layers of sizes
[512, 512, 256]. The Gating Network employs a lightweight structure with a hidden
layer of 64 units to output Softmax-normalized routing weights.

All models are optimized using the Adam optimizer. We detail the specific hyperparameter
settings for the IQN-MoE framework and training process in Table 2. These values were
determined through grid search to balance convergence speed and stability. Specifically, the
load balance coefficient λbal is set to 0.01 to prevent expert collapse without dominating the
primary Q-learning objective.

5.2 Satisfaction Metric

Satisfaction Metric To evaluate service quality from the user perspective, we define a
Customer Satisfaction metric that translates the lost order rate into a quality score reflecting
user experience. Unlike linear metrics that fail to capture the psychological impact of service
degradation, we employ a piecewise satisfaction model that segments user tolerance across
different failure regimes:
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Table 2: IQN-MoE Network and Training Parameters

Parameter Value

Hidden layers [512, 512, 256]
Number of experts K 4
Cosine bases N 64
Load balance coefficient λ 0.01
Learning rate 5× 10−5

Discount factor γ 0.99
Batch size 256
Buffer size 20,000
Training quantiles K 32
Online quantiles K ′ 8
Target update frequency 500
N-step returns 3
ϵ-greedy (train/test) 0.1 / 0.05
Total training steps 500,000

Satisfaction(r) =


100− 0.8r, if r < 10%

92− 1.0(r − 10), if 10% ≤ r < 30%

72− 0.8(r − 30), if 30% ≤ r < 60%

48− 0.6(r − 60), if r ≥ 60%

(19)

where r denotes the lost order rate (percentage of orders that cannot meet their deadlines).
This piecewise function is designed based on the following rationale:

• Region 1 (r < 10%): Excellent service zone with minimal penalty (coefficient 0.8).
Low failure rates are nearly imperceptible to users in on-demand delivery contexts.

• Region 2 (10% ≤ r < 30%): Good service zone with linear degradation (coefficient
1.0). Users begin perceiving service quality issues but remain generally satisfied.

• Region 3 (30% ≤ r < 60%): Acceptable service zone with moderate penalty (coef-
ficient 0.8). Users experience noticeable dissatisfaction but the system remains opera-
tional.

• Region 4 (r ≥ 60%): Poor service zone with reduced penalty (coefficient 0.6). This
gentler slope prevents premature saturation at zero, maintaining discriminative power
between severely degraded policies.

The piecewise coefficients ensure continuity at segment boundaries while providing dif-
ferentiated sensitivity across operational regimes. For instance, at r = 4.7% (typical for
well-performing policies at small scale), the satisfaction is 100− 0.8× 4.7 = 96.24%, whereas
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at r = 53.5% (common at large scale under resource constraints), satisfaction drops to
72− 0.8× (53.5− 30) = 53.20%, appropriately reflecting the degraded but non-catastrophic
service state.

This metric complements the original reward signal and provides an interpretable measure
of quality that is consistent with user experience.

5.3 Baseline Policies

To contextualize the performance of the proposed method, we compare against the following
baselines:

Random Policy: At each time step, actions are sampled uniformly from the discrete action
set.

OPC baseline We additionally consider a rule-based heuristic policy that makes staffing
decisions based on the Order-Per-Courier (OPC) metric. Specifically, the policy computes:

OPC(t) =
Nunassigned(t)

Navailable(t)
, (20)

which quantifies the workload pressure at decision epoch t. When the current OPC exceeds
a threshold OPCmax, the policy determines the number of couriers to hire as:

mt =

⌈
Nunassigned(t)

OPCtarget

⌉
−Navailable(t), (21)

where OPCtarget represents the desired workload level per courier. We set OPCmax = 1.5 and
OPCtarget = 1.0 in our experiments.

Based on this formulation, we evaluate three policy variants:

• π1 (1-hour only): Exclusively hires 1-hour couriers to meet the computed demand
mt.

• π1.5 (1.5-hour only): Exclusively hires 1.5-hour couriers to meet the computed de-
mand mt.

• πhybrid (Time-dependent): Dynamically selects courier type based on the current
time period. During peak hours (lunch: t ∈ [60, 120] min; dinner: t ∈ [300, 360] min),
the policy hires 1-hour couriers for rapid response; otherwise, it hires 1.5-hour couriers
for cost efficiency.

If OPC(t) ≤ OPCmax, no hiring action is taken (mt = 0).
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Heuristic Policy: We additionally consider a rule-based heuristic policy that makes staffing
decisions based on three explicit state indicators. Specifically, the policy uses:

(i) Demand Pressure, DP =
Nunassigned

Navailable+1
, to quantify the imbalance between demand and

available capacity;
(ii) an Urgency flag, which is activated when any unassigned order is within 15 minutes

of its deadline;
(iii) a Growth indicator, which signals a recent demand surge of more than 10 new orders

in the past 30 minutes.
Based on these indicators, the heuristic follows a tiered response strategy:

• Extreme Pressure (DP > 4): If the active courier pool is small (< 10), the policy
hires two 1.5-hour couriers; otherwise it hires one 1-hour and one 1.5-hour courier.

• High Pressure (2 < DP ≤ 4): If Urgency is detected, the policy hires one 1.5-hour
courier; otherwise, it randomly hires either one or two 1-hour couriers.

• Medium Pressure (1 < DP ≤ 2): If Urgency or Growth is detected, the policy hires
one 1-hour courier; otherwise, no hiring is performed.

• Low Pressure (DP ≤ 1): No hiring is performed.

DQN Baseline (Value-Based): Following the work of Auad et al. (42), we adopt a
standard Deep Q-Network that predicts scalar action-values as a baseline. The update target
follows the deterministic Bellman backup

y = r + γmax
a′

Qθ−(s
′, a′), (22)

and the network parameters are fitted to this target in expectation. This baseline reflects the
conventional approach of estimating only the mean return, without modeling distributional
variability.

Training Dynamics and Convergence Analysis
To validate the efficiency of distributional modeling, we visualize training dynamics across

500 episodes at the 200-order scale (Figure 2). Learning-based methods (IQN, DQN) are
evaluated every epoch using 5 test episodes, while baselines (Heuristic, Random) represent
fixed-performance references.

Convergence Speed. IQN reaches stability at epoch 12, whereas DQN requires epoch
15—a 20% reduction in training time. This acceleration stems from IQN’s distributional Bell-
man operator, which provides richer gradient signals by modeling the full return distribution
rather than scalar expectations.

Final Performance.Measured over the final 10 epochs, IQN achieves −37.32±4.16, out-
performing DQN (−39.56± 3.59) by 5.7%, Random (−58.06± 0.91) by 35.7%, and Heuristic
(−61.72±0.55) by 39.5%. The performance hierarchy validates that learned policies substan-
tially outperform static rules, while distributional modeling provides consistent advantages
over standard Q-learning.
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Figure 2: Training convergence comparison at 200-order scale. IQN (blue) converges at epoch
12, 20% faster than DQN (orange, epoch 15). Shaded regions indicate ±1 standard deviation.
Vertical markers denote convergence points where reward variance stabilizes.

Training Stability. Both learning methods exhibit controlled variance after convergence
(IQN: σ = 4.16; DQN: σ = 3.59), ensuring reproducible performance across training runs.
The modest increase in variance compared to fixed baselines (σ < 1.0) is vastly outweighed by
the 35–40% performance gains, confirming the practical utility of learning-based approaches.

5.4 Main Results

We conduct three groups of experiments to systematically evaluate our framework. Table 3
summarizes the comprehensive performance metrics across three order scales (200, 500, and
1000 orders). We organize the results according to three experimental groups: algorithm
comparison (Exp 1), MoE expert ablation (Exp 2), and Extend-Shift mechanism ablation
(Exp 3).

5.4.1 Experiment 1: Algorithm Comparison

We compare the proposed IQN framework against Random, Heuristic, OPC baseline, and
DQN across three operational scales. Figure 3 visualizes the reward comparison.

200 Orders. IQN achieves the best performance with average reward −38.9 (+33.0%
over Random) and 96.24% satisfaction (+11.00pp over Random). DQN also performs well
with reward −40.5 (+30.3%) and 95.12% satisfaction (+9.88pp). Both RL methods substan-
tially outperform rule-based approaches: Heuristic achieves only −61.7 reward (−6.2%) with
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Figure 3: Algorithm comparison across order scales. IQN consistently achieves the highest
rewards across all scales.

83.77% satisfaction (−1.47pp), actually underperforming Random (−58.1 reward, 85.24%
satisfaction).

500 Orders. As complexity increases, the performance gap widens. IQN achieves −184.5
reward (+25.0%) and 73.00% satisfaction (+11.64pp), while DQN reaches −188.7 (+23.3%)
and 72.08% (+10.72pp). Heuristic improves to −210.7 (+14.4%) with 67.71% satisfaction
(+6.35pp), but remains significantly behind RL methods. Both IQN and DQN invest substan-
tially more in courier costs (IQN: 39.6, +48.3%; DQN: 39.1, +46.4%) compared to Random
(26.7).

1000 Orders. Under severe resource constraints, Random collapses to −741.0 reward
and 41.82% satisfaction. IQN maintains −571.2 reward (+22.9%) and 53.20% satisfaction
(+11.38pp), while DQN achieves −573.4 (+22.6%) and 53.00% (+11.18pp). The marginal
difference between IQN and DQN (+0.20pp) indicates that both methods adopt similarly
aggressive strategies under system overload.

5.4.2 Experiment 2: MoE Expert Ablation

We evaluate the impact of expert count K ∈ {2, 4, 6} on performance. Figure 4 illustrates
the results.

200 Orders. Expert count has negligible impact: MoE-2 achieves −39.4 reward and
95.52% satisfaction, MoE-4 achieves −40.0 (−1.5%) and 95.36% (−0.16pp), and MoE-6
achieves −38.3 (+2.8%) and 96.08% (+0.56pp). The performance gap between configura-
tions is minimal (<1pp in satisfaction).

500 Orders. A clear hierarchy emerges. MoE-4 achieves the best performance with
−178.4 reward (+8.1% over MoE-2) and 74.20% satisfaction (+3.32pp). Notably, MoE-6
(−183.1, +5.7%) underperforms MoE-4, achieving only 73.10% satisfaction (+2.22pp), sug-
gesting that excessive experts introduce routing noise at this scale.
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Figure 4: Impact of expert count on reward across scales. K = 4 provides optimal trade-off
at medium scales.

1000 Orders. Higher complexity benefits from more experts. MoE-6 achieves the best
reward −537.7 (+3.0%) and satisfaction 56.08% (+1.44pp), followed by MoE-4 (−545.5,
+1.6%, 55.44%) and MoE-2 (−554.2, 54.64%). However, the gains from MoE-6 over MoE-4
are marginal (+0.64pp), while MoE-4 reduces computational overhead by 33%.

Configuration Selection. Based on these results, we adopt K = 4 as the default con-
figuration, offering the optimal balance between performance and computational efficiency
across scales.

5.4.3 Experiment 3: Extend-Shift Mechanism Ablation

We evaluate the Extend-Shift mechanism with three extension durations (30, 60, 90 minutes)
and compare against DQN with the same mechanism. Figure 5 shows the results.

200 Orders. Extend 30-min achieves −39.2 reward and 98.24% satisfaction. Longer ex-
tensions (60-min and 90-min) both achieve −37.4 reward (+4.6%), but with slightly lower sat-
isfaction (96.40% and 96.16%, respectively). DQN with Extend-Shift achieves −40.7 (−3.3%)
and 95.12% (−3.12pp), confirming IQN’s advantage even with action augmentation.

500 Orders. The Extend-Shift mechanism demonstrates transformative impact. Extend
30-min achieves −151.9 reward and 82.20% satisfaction—a substantial improvement over
Exp 2’s best (MoE-4: −178.4, 74.20%). Extend 90-min further improves to −120.1 (+20.9%)
and 88.50% (+6.30pp), while simultaneously reducing courier costs by 0.6% (52.7 vs 53.0).
DQN achieves −127.0 (+16.4%) but only 72.10% satisfaction (−10.10pp), indicating poor
capacity allocation despite the extended action space.

1000 Orders. The mechanism’s value is most pronounced at large scale. Extend 30-min
achieves −479.0 reward and 62.72% satisfaction. Extend 90-min achieves the best overall
performance: −313.3 (+34.6%) and 78.50% (+15.78pp), with courier cost 78.4 (+24.2%).
DQN achieves −376.6 (+21.4%) but only 52.96% satisfaction (−9.76pp), demonstrating that
distributional modeling is essential for effective utilization of the Extend-Shift mechanism.
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Figure 5: Ablation of Extend-Shift duration. Longer extensions yield substantial improve-
ments at larger scales.

5.5 Discussion

In this section, we provide in-depth analysis of the experimental results, examining the un-
derlying mechanisms that drive performance differences across methods and scales.

5.5.1 Why Does IQN Outperform DQN?

The consistent advantage of IQN over DQN (Exp 1) stems from distributional value esti-
mation’s ability to capture return uncertainty. At 200 orders, IQN’s advantage is modest
(+1.12pp satisfaction, +2.7% reward improvement over DQN) because the operational en-
vironment is relatively predictable. As scale increases to 500 orders, the advantage grows
(+0.92pp, +1.7% reward) due to increased demand stochasticity. At 1000 orders, both meth-
ods converge to similar performance (+0.20pp, +0.3% reward) as the solution space narrows
under severe resource constraints—both must adopt aggressive hiring regardless of risk mod-
eling.

The cost-efficiency profiles reveal distinct strategies. At 500 orders, IQN invests slightly
more in couriers (39.6 vs 39.1, +1.3%) but achieves disproportionately higher satisfaction
gains (+11.64pp vs +10.72pp over Random). This 8.6% improvement in satisfaction gain per
unit cost demonstrates that distributional modeling enables more precise capacity allocation,
particularly during demand surges where tail-risk awareness prevents catastrophic under-
provisioning.

5.5.2 The Pareto Frontier of Expert Capacity

The MoE ablation (Exp 2) reveals a non-monotonic relationship between expert count and
performance. At 200 orders, all configurations achieve similar results because the operational
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regimes are insufficiently diverse to benefit from specialized experts—the gating network
cannot learn meaningful regime distinctions.

At 500 orders, MoE-4 achieves optimal performance (−178.4 reward, 74.20% satisfac-
tion), outperforming both MoE-2 (+8.1% reward, +3.32pp satisfaction) and MoE-6 (+5.7%,
+2.22pp).

At 1000 orders, MoE-6 marginally regains the lead (+3.0% over MoE-2, +1.44pp) as the
increased data volume provides sufficient training signal for all experts. However, MoE-4
remains within 1.5% of optimal while reducing computational overhead by 33%, establishing
it as the Pareto-optimal configuration.

5.5.3 The Transformative Power of Zero-Latency Capacity Control

Experiment 3 demonstrates that the Extend-Shift mechanism provides the most significant
performance improvements, exceeding the gains from algorithmic enhancements (Exp 1) and
architectural tuning (Exp 2).

Magnitude Analysis. Comparing across experiments at 1000 orders:

• Exp 1 (IQN vs Random): +22.9% reward improvement

• Exp 2 (MoE-6 vs MoE-2): +3.0% reward improvement

• Exp 3 (Extend 90-min vs Extend 30-min): +34.6% reward improvement

The Extend-Shift mechanism delivers 1.5× the improvement of algorithm selection and 11.5×
the improvement of expert tuning, confirming that domain-aware action space design is the
primary lever for operational breakthrough.

Cost-Efficiency Paradox. At 500 orders, Extend 90-min achieves a remarkable out-
come: +6.30pp satisfaction improvement while reducing courier costs by 0.6% compared to
Extend 30-min (52.7 vs 53.0). This “super-efficiency” arises because proactive shift exten-
sions prevent the system from entering panic modes that trigger expensive reactive hiring.
The agent learns to extend existing couriers preemptively, avoiding the 5-minute onboarding
delay that causes order losses during demand spikes.

IQN vs DQN with Extend-Shift. The DQN results in Exp 3 reveal that distributional
modeling is essential for effective mechanism utilization. Despite having access to the same
Extend-Shift actions, DQN achieves substantially lower satisfaction:

• 500 orders: DQN 72.10% vs IQN 82.20% (Extend 30-min), −10.10pp gap

• 1000 orders: DQN 52.96% vs IQN 62.72% (Extend 30-min), −9.76pp gap

While DQN achieves competitive rewards (−127.0 vs −151.9 at 500 orders), it fails to
translate this into service quality. This suggests that DQN’s expectation-based optimization
exploits the Extend-Shift mechanism for cost reduction rather than service improvement,
whereas IQN’s risk-aware learning correctly prioritizes satisfaction under uncertainty.
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5.5.4 Scale-Dependent Performance Dynamics

The experimental results reveal distinct performance regimes across scales:
Small Scale (200 Orders): Saturation Regime. All methods achieve near-optimal

performance (IQN: 96.24%, DQN: 95.12%). The operational complexity is insufficient to
differentiate algorithmic sophistication. Expert count and extension duration have minimal
impact, as the base capacity is adequate for demand.

Medium Scale (500 Orders): Differentiation Regime. Performance gaps emerge
and widen. IQN’s distributional advantage becomes meaningful (+0.92pp over DQN), MoE-
4 significantly outperforms MoE-2 (+3.32pp), and Extend-Shift provides substantial gains
(82.20% vs 74.20% for MoE-4 best). This scale represents the “sweet spot” where algorithmic
and architectural choices materially impact outcomes.

Large Scale (1000 Orders): Constraint Regime. Resource scarcity dominates. The
IQN-DQN gap narrows (+0.20pp) as both must adopt aggressive hiring. However, the Extend-
Shift mechanism becomes critical: without it, even IQN achieves only 53.20% satisfaction
(Exp 1); with 90-min extension, satisfaction jumps to 78.50% (Exp 3)—a 25.30pp improve-
ment that dwarfs all other optimizations.

5.5.5 Practical Implications

These findings yield actionable insights for deployment:

1. Prioritize Action Space Design: The Extend-Shift mechanism delivers 5–10× larger
improvements than algorithmic refinements. Practitioners should invest in domain-
aware action augmentation before optimizing neural architectures.

2. Scale-Appropriate Configuration: Use K = 4 experts as default; increase to K = 6
only for very large-scale deployments (>1000 daily orders) where computational over-
head is justified.

3. Extension Duration Selection: At small scales, 30-minute extensions suffice (98.24%
satisfaction). At medium-to-large scales, 90-minute extensions provide substantial gains
(+6.30pp at 500 orders, +15.78pp at 1000 orders) with favorable cost characteristics.

4. Distributional Modeling is Essential: DQN’s failure to leverage Extend-Shift ef-
fectively (−10.10pp at 500 orders) demonstrates that risk-aware value estimation is
necessary for complex action spaces—expectation-based methods may exploit mecha-
nisms suboptimally.

5.6 Cost-Reward Efficiency Analysis

Contrary to the assumption that minimizing costs maximizes rewards, we observe a non-
monotonic relationship where increased courier investment often yields net positive rewards.
We quantify this trade-off using the marginal efficiency ratio η = ∆S/∆C, where ∆S de-
notes satisfaction improvement (in percentage points) and ∆C denotes relative cost increase.
Investment is profitable when higher costs translate to disproportionate satisfaction gains.
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Table 3: Comprehensive Performance Comparison of Three Experiments Across Different
Order Scales

REWARD Courier Cost Satisfaction Performance Gain

Order Scale Experiment & Config Avg. Rel. Imp. Avg. Change Avg. Improve. vs Base

200 Orders

Exp 1 Random −58.1 – 26.6 – 85.24% – –
OPC baseline −64.7 -11.4% 17.8 -33.1% 78.55% -6.69pp -11.36%

Heuristic −61.7 −6.2% 17.5 −34.2% 83.77% −1.47pp −1.72%
Basic DQN −40.5 +30.3% 28.2 +6.0% 95.12% +9.88pp +11.59%
Basic IQN −38.9 +33.0% 29.5 +10.9% 96.24% +11.00pp +12.90%

Exp 2 MoE-2 Experts −39.4 – 28.2 – 95.52% – –
MoE-4 Experts −40.0 −1.5% 28.4 +0.7% 95.36% −0.16pp −0.17%
MoE-6 Experts −38.3 +2.8% 28.5 +1.1% 96.08% +0.56pp +0.59%

Exp 3 Extend 30 min −39.2 – 27.5 – 98.24% – –
Extend 60 min −37.4 +4.6% 28.1 +2.2% 96.40% −1.84pp −1.87%
Extend 90 min −37.4 +4.6% 27.8 +1.1% 96.16% −2.08pp −2.12%

DQN with Extend 60 min −40.7 -3.3% 28.0 +1.8% 95.12% −3.12pp −3.18%

500 Orders

Exp 1 Random −246.1 – 26.7 – 61.36% – –
OPC baseline −234.1 +4.9% 28.9 +8.2% 63.47% +2.57pp +3.44%

Heuristic −210.7 +14.4% 30.8 +15.4% 67.71% +6.35pp +10.35%
Basic DQN −188.7 +23.3% 39.1 +46.4% 72.08% +10.72pp +17.47%
Basic IQN −184.5 +25.0% 39.6 +48.3% 73.00% +11.64pp +18.97%

Exp 2 MoE-2 Experts −194.1 – 37.0 – 70.88% – –
MoE-4 Experts −178.4 +8.1% 39.4 +6.5% 74.20% +3.32pp +4.68%
MoE-6 Experts −183.1 +5.7% 38.3 +3.5% 73.10% +2.22pp +3.13%

Exp 3 Extend 30 min −151.9 – 53.0 – 82.20% – –
Extend 60 min −125.9 +17.1% 54.2 +2.3% 86.40% +4.20pp +5.11%
Extend 90 min −120.1 +20.9% 52.7 −0.6% 88.50% +6.30pp +7.66%

DQN with Extend 60 min −127.0 +16.4% 54.5 +2.8% 86.06% +3.86pp +4.70%

1000 Orders

Exp 1 Random −741.0 – 26.7 – 41.82% – –
OPC baseline −598.6 +19.2% 34.5 +29.2% 50.87% +9.05pp +19.22%

Heuristic −654.5 +11.7% 36.7 +37.5% 47.90% +6.08pp +14.54%
Basic DQN −573.4 +22.6% 35.9 +34.4% 53.00% +11.18pp +26.73%
Basic IQN −571.2 +22.9% 36.2 +35.6% 53.20% +11.38pp +27.21%

Exp 2 MoE-2 Experts −554.2 – 36.8 – 54.64% – –
MoE-4 Experts −545.5 +1.6% 38.9 +5.7% 55.44% +0.80pp +1.46%
MoE-6 Experts −537.7 +3.0% 38.3 +4.1% 56.08% +1.44pp +2.64%

Exp 3 Extend 30 min −479.0 – 63.1 – 62.72% – –
Extend 60 min −364.1 +24.0% 72.2 +14.4% 71.52% +8.80pp +14.03%
Extend 90 min −313.3 +34.6% 78.4 +24.2% 78.50% +15.78pp +25.16%

DQN with Extend 60 min −376.6 +21.4% 70.5 +11.7% 70.14% +7.42pp +11.83%
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Efficiency Regimes and Resource Investment.
High Efficiency (200 Orders, η ≈ 1.01): In under-resourced regimes, a marginal cost in-

crease (+10.9%) yields substantial satisfaction gains (+11.00pp). Here, conservative spending
is suboptimal; investment yields unambiguous returns.

Moderate Efficiency (500 Orders, η ≈ 0.24): As complexity grows, returns diminish but
remain positive. Random’s low expenditure (26.7) results in poor service quality (61.36% sat-
isfaction), whereas IQN’s higher investment (+48.3%) effectively purchases capacity, achiev-
ing 73.00% satisfaction. The satisfaction gap of +11.64pp confirms that strategic resource
allocation prevents service degradation.

Resource Crisis (1000 Orders, η ≈ 0.32): Random exhibits pathological under-provisioning
(cost at 26.7), leading to severe service deterioration (41.82% satisfaction). IQN’s increased
costs (+35.6%) represent a necessary emergency response, with the satisfaction improvement
(+11.38pp to 53.20%) confirming that Random’s risk-neutral policy fails to capture the high
variance of tail risks under extreme demand conditions.

DQN’s Cost-Efficiency Profile.
DQN occupies an interesting middle ground between Random’s under-investment and

IQN’s aggressive spending, revealing the cost implications of distributional modeling:
200 Orders (ηDQN ≈ 1.65): DQN’s marginal cost increase (+6.0%) yields substantial

satisfaction gains (+9.88pp), demonstrating high efficiency. This outperforms IQN’s ratio
(ηIQN ≈ 1.01), suggesting that at small scales, DQN’s more conservative policy avoids un-
necessary spending while achieving near-optimal results. The higher efficiency indicates that
DQN identifies the minimum viable capacity threshold without the “over-cautious” invest-
ment that distributional risk-aversion induces.

500 Orders (ηDQN ≈ 0.23): DQN’s cost increase (+46.4%) closely tracks IQN’s (+48.3%),
but with slightly lower satisfaction improvement (+10.72pp vs +11.64pp). The similar in-
vestment levels suggest both methods correctly identify the need for aggressive capacity
augmentation, with IQN’s distributional modeling providing a marginal edge in resource al-
location precision (ηIQN = 0.24 vs ηDQN = 0.23). This near-parity confirms that at medium
scales, the primary driver of performance is recognizing the need for investment rather than
fine-tuning its magnitude.

1000 Orders (ηDQN ≈ 0.32): DQN’s efficiency (η = 0.32) matches IQN’s (η = 0.32), con-
firming that both methods adopt nearly identical emergency response strategies under system
overload. DQN’s marginally lower cost (+34.5% vs +35.6%) with comparable satisfaction
(+11.18pp vs +11.38pp) suggests that expectation-based Q-learning suffices for clear-cut ca-
pacity shortage scenarios, where the optimal action (“hire aggressively”) is unambiguous and
does not benefit from tail-risk quantification.

Strategic Non-Monotonicity.
The relationship between cost and reward is regime-dependent:

1. Scarcity (Positive Correlation): Under-provisioning (e.g., Random) yields high returns
on investment when addressed properly.

2. Surplus (Negative Correlation): Over-provisioning (e.g., MoE-2 to MoE-4 at 200 orders)
incurs costs without service gains (+0.7% cost for −0.16pp satisfaction).
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3. Strategic Dominance (Extend-Shift): The Extend-Shift action achieves “super-efficiency”
(η →∞) at 500 orders by simultaneously reducing costs (−0.6%) and increasing satis-
faction (+6.30pp from 30min to 90min). This validates the superiority of zero-latency,
targeted interventions over crude hiring.

Conclusion: Courier cost is a strategic resource investment. While expectation-based
methods (Random) systematically under-invest, IQN-MoE’s distributional perspective justi-
fies higher costs to mitigate high-variance tail risks, adaptively navigating between scarcity
and surplus.

5.7 Experimental Conclusions

Through three sets of comparative experiments, we draw the following conclusions.
First, the IQN algorithm, by estimating complete action-value distributions, outper-

forms Random, Heuristic, and DQN on delivery scheduling tasks with 22.9%–33.0% reward
improvement across scales, more stable training, and faster convergence (reaching stability
at epoch 12, 20% faster than DQN).

Second, the 4-expert MoE configuration achieves the best balance between performance,
stability, and computational efficiency, with experts automatically learning to handle differ-
ent delivery scenarios. At 500 orders, MoE-4 outperforms MoE-2 by +8.1% in reward and
+3.32pp in satisfaction, while reducing computational overhead by 33% compared to MoE-6.

Third, the Extend-Shift action significantly improves system flexibility for peak hours,
yielding satisfaction improvements of 2.0–9.5 percentage points over the base IQN config-
uration across different scales. At 1000 orders with 90-minute extensions, the mechanism
achieves 78.50% satisfaction compared to 53.20% without it—a transformative +25.30pp
improvement. The agent intelligently leverages this action during peak periods, and the
mechanism demonstrates “super-efficiency” at 500 orders by simultaneously reducing costs
(−0.6%) while increasing satisfaction (+6.30pp).

Overall, the IQN-MoE model combined with the Extend-Shift action provides an ef-
ficient, stable, and interpretable solution for courier scheduling in food delivery scenarios.
The framework achieves up to 33.0% reward improvement over baselines and maintains high
satisfaction rates (up to 98.24% at small scales), validating the effectiveness of distributional
reinforcement learning for risk-sensitive resource allocation.

6 Conclusion and Future Work

We presented IQN-MoE, a framework synergizing distributional reinforcement learning with
regime-adaptive experts to resolve the conflict between stochastic demand and rigid resource
allocation in courier scheduling.

Core Contributions & Findings. First, we established that distributional value estima-
tion is superior to rule-based methods (Random, Heuristic) and expectation-based RL (DQN)
in high-variance logistics, achieving substantially improved training stability and 20% faster
convergence (epoch 12 vs. epoch 15 for DQN). Second, we introduced the Extend-Shift
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mechanism, demonstrating that domain-aware action space augmentation—specifically, zero-
latency capacity correction—provides transformative performance gains during demand surges,
achieving up to 34.6% reward improvement and 25.30 percentage point satisfaction increase
at large scales (1000 orders). Third, ablation studies identified the four-expert configuration
as the optimal Pareto frontier between regime specialization and computational efficiency.
Empirically, the framework yields double-digit gains in cumulative rewards (up to 33.0%
improvement) while maintaining high order completion rates (up to 98.24%), validating the
necessity of the proposed risk-sensitive control paradigm.

Limitations & Future Directions. Several avenues remain for future research. (1)
Sim-to-Real Transfer : Bridging the gap between simulation and physical deployment requires
robust domain adaptation to handle real-world complexities such as traffic variability, courier
availability uncertainty, and operational constraints not captured in our current model. (2)
Dynamic Architecture: Replacing fixed experts with adaptive architectures (e.g., neural archi-
tecture search conditioned on workload complexity) could enable automatic capacity scaling
based on scenario difficulty. (3) Spatial Scalability : Extending the framework to city-scale
optimization via hierarchical or federated learning is essential for multi-region coordination,
where different zones may operate under distinct demand patterns and resource constraints.
(4) Proactive Integration: Incorporating explicit demand forecasting (e.g., probabilistic time-
series models) into the MoE gating mechanism could enable anticipatory expert routing before
regime shifts occur, further shifting the paradigm from reactive to predictive scheduling.

Broader Impact. Beyond food delivery, this work provides a generalizable template
for high-stochasticity resource allocation problems. The synergy of distributional RL and
mixture-of-experts applies naturally to domains where operational contexts vary significantly
and tail risks are non-negligible, including:

Emergency response systems : Ambulance and fire truck dispatch under uncertain incident
locations and severity levels;
Cloud computing : Virtual machine allocation and autoscaling under bursty workloads with
strict SLA requirements;
Healthcare staffing : Nurse and physician scheduling with stochastic patient arrivals and acuity
variations;
Ride-hailing platforms : Dynamic driver positioning and surge pricing under fluctuating rider
demand.

The integration of risk-aware distributional modeling with context-adaptive experts of-
fers a robust infrastructure for sequential decision-making in complex, uncertain environ-
ments.generation delivery platform optimization and broader stochastic resource allocation
problems.
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