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Abstract

Dependency-aware spatial crowdsourcing (DASC) addresses
the unique challenges posed by subtask dependencies in spa-
tial task assignments. This paper investigates the task assign-
ment problem in DASC and proposes a two-stage Recom-
mend and Match Optimization (RMO) framework, leverag-
ing multi-agent reinforcement learning for subtask recom-
mendation and a multi-dimensional utility function for sub-
task matching. The RMO framework primarily addresses two
key challenges: credit assignment for subtasks with interde-
pendencies and maintaining overall coherence between sub-
task recommendation and matching. Specifically, we employ
meta-gradients to construct auxiliary policies and establish
a gradient connection between two stages, which can effec-
tively address credit assignment and joint optimization of
subtask recommendation and matching, while concurrently
accelerating network training. We further establish a uni-
fied gradient descent process through gradient synchroniza-
tion across recommendation networks, auxiliary policies, and
the matching utility evaluation function. Experiments on two
real-world datasets validate the effectiveness and feasibility
of our proposed approach.

Introduction
With the popularity of smart mobile devices, spatial crowd-
sourcing (SC) as a promising computing paradigm has be-
come increasingly prosperous (Tong et al. 2020; Kang et al.
2023; Lyu et al. 2023), where workers perform spatial tasks
assigned by the SC platform for payments. Recently, the in-
creasing complexity and requirements of spatial tasks have
induced the emergence of a sophisticated paradigm in SC,
namely Dependency-Aware Spatial Crowdsourcing (DASC)
(Ni et al. 2020; Liu et al. 2022). DASC is characterized by its
intricate task structure and complex execution requirements,
further enhancing the challenges and potential applications
of traditional SC. In DASC, spatial tasks consist of multi-
ple interdependent subtasks that require a specific execution
order, and each subtask may require different worker skills.
Task completion is achieved only when all constituent sub-
tasks are finished, and the platform receives remuneration at
this time.
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To illustrate DASC, consider a telecommunications net-
work maintenance scenario with three interdependent sub-
tasks: on-site data collection, equipment preparation at a
warehouse, and tower repair. Obviously, repair can only be-
gin after data collection and equipment preparation are com-
plete, and each subtask requires different skills and is indis-
pensable to successful telecommunications network main-
tenance. As such, DASC diverges significantly from typi-
cal spatial crowdsourcing models because, regarding spatial
tasks, it emphasizes subtask dependencies, skill-specific as-
signments, and comprehensive completion of all the corre-
sponding subtasks. In this paper, we aim to maximize the
platform’s total revenue by optimizing task assignment poli-
cies. The optimization problem in DASC is inherently more
complex than traditional spatial crowdsourcing due to the
additional dimensions of inter-task dependencies and het-
erogeneous skill requirements.

Currently, there is a relative paucity of research focused
on DASC, whereas standard SC problems have been exten-
sively studied. Our approach involves converting the DASC
problem into a standard SC problem, thereby leveraging es-
tablished SC solutions for the matching process. However,
this conversion presents unique challenges: if all subtasks
are incorporated into the matching process, task completion
efficiency would be substantially impeded as the start time
of subtasks and their predecessors cannot be the same. Con-
versely, if the matching is limited to subtasks without pre-
requisites, it neglects the inherent interdependencies among
tasks and may fail to utilize available workers fully. To this
end, we propose a novel two-stage Recommend and Match
Optimization (RMO) framework (Fig.1), which initially an-
alyzes task graph structures and features to recommend sub-
tasks and subsequently strategically matches these subtasks
with appropriate workers.

Specifically, we design a multi-agent network employing
reinforcement learning to explore optimal recommendation
policies for subtasks in the first stage. Since the comple-
tion of a spatial task consists of the successful execution
of all the corresponding subtasks with specific dependen-
cies(Wang et al. 2020; Liu et al. 2022), the task recommen-
dation network must learn to evaluate a subtask’s contribu-
tion to both its associated spatial task and the crowdsourc-
ing platform holistically. As such, we categorize the contri-
bution assessment of subtasks as a credit assignment prob-
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Figure 1: RMO Framework. Stage 1 employs reinforcement
learning to build recommendation networks for task analysis
and subtask recommendation; Stage 2 utilizes adaptive algo-
rithms to match workers with the recommended subtasks.

lem(Chen et al. 2023). In the second stage of RMO, we de-
velop a utility evaluation method that incorporates time, dis-
tance, and skill, where the challenge lies in determining the
weight for each factor in evaluating utility.

To further address these challenges, we extend the appli-
cation of meta-gradients (Xu, van Hasselt, and Silver 2018)
to both stages of the RMO framework. This approach not
only guides the policy in learning an effective credit assign-
ment method but also bridges the two stages, facilitating
joint optimization of the recommendation network and the
utility function. By leveraging meta-gradients, we construct
a highly robust unified decision system, effectively integrat-
ing credit assignment with the RMO framework’s dual-stage
process. Our contributions are summarized as follows:

• We investigate the DASC problem, where a spatial task
consists of subtasks with specific dependencies. To ad-
dress it, we propose the RMO framework integrating
reinforcement learning-based subtask recommendation
and utility-adaptive subtask assignment.

• We propose a new credit assignment strategy optimiza-
tion method leveraging meta-gradients, effectively ad-
dressing the challenges of sparse rewards in reinforce-
ment learning-based subtask recommendation. This ap-
proach can mitigate training difficulties and accelerate
the learning process.

• We propose a new joint optimization method using meta-
gradients, enabling unified training of interconnected
components to mitigate inconsistent optimization direc-
tions and enhance model generalization and robustness.

• We conduct extensive experiments on two real-world
datasets to validate the effectiveness of our proposed al-
gorithms. The experimental results show that our pro-
posed RMO exhibits 2.2× to 6.6× higher than baselines
in total revenue.

Related Work
In this section, we review the related works in spatial crowd-
sourcing regarding dependency awareness and the applica-
tion of reinforcement learning.

Dependency-Aware Spatial Crowdsourcing
Extant work on DASC has primarily focused on address-
ing the inherent challenges within this complex paradigm.

Ni et al. (2020) conceptualized DASC as a strategic game,
leveraging game theory principles to optimize task-worker
matching policies. Similarly, Liu et al. (2022) employed
game theory methods and introduced a filtering module to
enhance matching effectiveness. Further advancing the field,
Yao, Yang, and Xu (2022) incorporated worker preferences
into their model, developing three algorithms with prov-
able constant competitive ratios. Despite these significant
contributions, current approaches exhibit limitations in their
comprehensive analysis of task graph dependencies. For in-
stance, Wang et al. (2020) proposed a BFS-based priority
scheduling algorithm in conjunction with an evolutionary
multitasking-based approach. However, this method is lim-
ited to managing dependency-aware tasks within a single
static complex task. Consequently, much of the current re-
search is often constrained to tasks with relatively simple
structures or a limited number of complex tasks, failing to
adequately address the diverse and intricate graph struc-
tures characteristic of more comprehensive DASC scenar-
ios. Moreover, despite the inherent complexity of the DASC
problem, there remains a notable absence of research ex-
ploring the application of Learning-Based Algorithms to this
domain. This gap in the literature underscores the need for
more sophisticated methodologies capable of handling the
multifaceted nature of DASC, particularly in scenarios in-
volving complex dependency structures and dynamic envi-
ronments.

Reinforcement Learning-based Task Assignment
Reinforcement learning (RL) is increasingly applied in
crowdsourcing to optimize task assignment and schedul-
ing through adaptive policy learning in dynamic environ-
ments. A common approach is to model task assignment as
a Markov Decision Process. For instance, Zong et al. (2022)
developed an end-to-end multi-agent system or pickup and
delivery problems. In air-ground spatial crowdsourcing,
Wang et al. (2023) introduced a multi-center attention-based
graph convolutional network for communication. In con-
trast, Ye et al. (2023) proposed a heterogeneous multi-
agent framework exploring both individual and collabora-
tive environments. Jiang et al. (2023) designed a fairness-
aware concurrent dispatch system for instant delivery ser-
vices. For ride-hailing order dispatching, Zhang et al. pro-
posed an offline deep reinforcement learning framework
with a method for managing dynamic nondeterministic ac-
tion spaces (Zhang et al. 2024)Beyond direct application in
decision-making, RL enhances established matching meth-
ods. It can determine the sliding window size of decision
time steps (Li et al. 2022b) and optimize existing algorithms
based on game theory (Li et al. 2023), large-scale search (Li
et al. 2022a), and combinatorial optimization (Tong et al.
2021), etc.

Problem Definition
Generally, we define the DASC problem on a road network
represented by a graph G = (N,E), where n ∈ N repre-
sents road intersections, and eij ∈ E denotes roads connect-
ing two intersections. Next, we define other entities related
to the DASC problem.
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Figure 2: payment of spatial task.

Worker. A worker w ∈ W is described by the tuple
w = (l,K), where l denotes the worker’s location and K
represents the set of skills possessed by the worker.

Spatial Task. Spatial task q is denoted as a tuple q =
(T , C, tc, td, te, ρ). Specifically, T represents the set of spa-
tial subtasks, while C denotes the dependency constraints
among these subtasks. Additionally, the temporal aspects of
the task are captured by tc, td, and te, which indicate the
creation timestamp, deadline, and expected completion time,
respectively. Furthermore, ρ signifies the payment obtained
upon successful completion of the task.

The platform’s revenue is subject to reduction if spa-
tial tasks are not completed before the expected completion
time. This relationship is expressed as follows:

ϱ = (1− ζ ·∆t)ρ− κ ·
∑
τ∈T

dM(w,τ). (1)

In this equation, ϱ represents the profit of an individual spa-
tial task, ζ serves as a penalty factor for time, and ∆t in-
dicates the time difference relative to the expected comple-
tion time. Additionally, κ denotes the cost of worker move-
ment per kilometer, while dM(w,τ) represents the distance
that worker w needs to travel to complete subtask τ . It’s im-
portant to note that if a spatial task is completed before the
expected completion time, the time penalty does not apply,
and consequently, ∆t is equal to 0. For a visual representa-
tion of task revenue, refer to Fig.2.

Spatial Subtask. A spatial subtask τ is denoted as a tuple
τ = (l,K, t), where l is the location of the task, K repre-
sents the set of skills required to complete the task, and t
denotes the duration needed for task completion.

Spatial subtasks are completed by exactly one worker, and
the worker must possess all the skills required by the sub-
task, denoted as Kτ ⊆ Kw. Moreover, if a subtask does not
require any specific work skills, i.e., Kτ = ϕ, then there are
no restrictions on the workers for that subtask.

DASC Problem. Given a set of workers W and a stream
of tasks Q, the goal of the DASC problem is to find the best
matching planM ⊆ W × T such that the total revenue of
platform E(M) is maximized,

E(M) =
∑
q∈Q

ϱq, (2)

where for each matching (w, τ) ∈ M, should satisfy the
following constraints:

• Skill Constraint. A worker w can only be assigned to
subtask τ if w has all the required skills.

• Order Constraint. Subtasks must satisfy the depen-
dency constraints of the spatial task.

• Deadline Constraint. All subtasks of spatial tasks are
required to be completed within the deadlines.

Method
To address the DASC problem, we propose a new approach
that leverages meta-gradients to guide credit assignment
and joint optimization within the RMO framework. Our ap-
proach is summarized as follows: (1) In the subtask recom-
mendation stage, we develop a multi-agent reinforcement
learning model enhanced by meta-gradient methods, which
optimizes policy updates and facilitates effective credit as-
signment among agents. (2) In the adaptive matching stage,
we employ the Kuhn-Munkres (KM) algorithm for max-
imum weight matching and utilize meta-gradients to op-
timize the KM algorithm’s hyperparameters which enable
joint training of the entire framework.

Task Recommendation Module
We establish a multi-agent recommendation network sys-
tem based on the Multi-Agent Proximal Policy Optimization
(MAPPO) algorithm (Yu et al. 2022), where each subtask
functions as an autonomous agent. The task recommenda-
tion process is modeled using two distinct Markov Decision
Processes (MDPs).

MDP with Sparse Reward. This MDP is formulated to
capture the DASC’s base attribute, where payment is re-
ceived only upon completion of all subtasks It is represented
by the tuple (N ,S,O,A,R,P, γ). Detailed descriptions of
this MDP’s components are provided below.

Agent n ∈ N : Each spatial subtask τ is treated as an agent
n, which appears and disappears based on task publication
and completion. Moreover, all agents are assumed to share
an identical network structure.

State s ∈ S: The global state st is represented by a vector
(Q,W ), which includes both worker and spatial task real-
time information.

Observation o ∈ O: The observation ont for agent n at
time t is represented as a triplet (T near,Wnear, q), de-
noting the conditions of surrounding workers, surrounding
subtasks, and the agent’s own real-time information.

Action a ∈ A: The action space is defined as {0, 1},
where 0 indicates no recommendation and 1 indicates a rec-
ommendation.

Reward r ∈ R: The reward is assigned only to the final
subtask of a task upon successful matching, with the task’s
revenue being attributed as the reward for this subtask, rep-
resented as rq = ϱ. If a subtask is not recommended or is
recommended but is not the final subtask, then rq = 0. It
is critical to note that if the task recommendation fails to
achieve a match, then rq = −1.

State transition distribution is defined as P : S × A1 ×
. . . × An × S → [0, 1]. The function P(s, a, s′) represents
the probability of transitioning to state s′ given that action a
is executed in state s.
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Figure 3: Recommendation network structure.

Discount factor γ ∈ [0, 1]: The discount factor balances
the current reward with future rewards. A value closer to 1
emphasizes the importance of long-term rewards.

MDP with Reward Shaping. This MDP converts revenue
into rewards for individual subtasks, differing from the MDP
with sparse reward only in its reward structure.

Reward r ∈ R: If agent n does not recommend subtask
τ , the reward rτ is 0. If subtask τ is recommended but fails
to match with a worker, the reward is -1. Conversely, if the
subtask is recommended and successfully matches with a
worker, the reward is calculated as follows:

rτ =

 ρmax/|T | − κ · dM, tτ ≤ teτ
ρmin/|T | − κ · dM, teτ < tτ < tdτ
0, tτ ≥ tdτ

. (3)

The variables td and te signify a subtask’s deadline and ex-
pected completion time, respectively. And tτ is finish time.
By applying the critical path method to the deadline tdq and
expected completion time teq of a crowdsourcing task q, we
can infer the corresponding values for individual subtasks.

Recommendation Network. We have implemented a task
recommendation network using the Actor-critic framework,
depicted in Fig.3.

Actor: The Actor network uses local observations to de-
cide which actions to take. To effectively handle the depen-
dency information of subtasks, a Graph Attention Network
(GAT) (Veličković et al. 2017) is employed. The processed
node features, along with the top-k selected subtasks and
worker information, are then input into a Multi-Layer Per-
ceptron (MLP) for further processing.

Critic: The Critic network assesses global information to
inform the decision-making processes of the Actor network.
To process worker and subtask information separately, two
distinct Gated Recurrent Units (GRU) (Cho et al. 2014) are
utilized. The outputs from these GRUs are then combined
and fed into an MLP to evaluate the current state.

Collaborative Policy Optimization
This section introduces a meta-gradient method to link two
policies derived from distinct MDPs, enabling simultaneous
parameter updates in a single gradient step. We begin with a
brief review of policy network updates in MAPPO.

The objective function of the policy in MAPPO is to max-
imize the expected reward while constraining the extent of

Optimal 
Objective

Suboptimal 
Objective

Initial 
Policy

Policy 
Failure

Synthesize Gradient

sparse rewards
reward shaping 
assistance policy

reward shaping gradient
meta gradient
spare rewards (ineffective)

Target
Policy

Figure 4: Collaborative policy optimization employs the tar-
get policy to constrain the update of the policy derived from
reward shaping, then applying the meta-gradient obtained
from the reward shaping process to refine the target policy.

policy updates. MAPPO employs a clipped probability ratio
loss function to ensure that updates stay within a reasonable
range. The specific formula is as follows:

J(θ) = Ea∼πθ(·|o)min [ψAn, clip (ψ, 1− ϵ, 1 + ϵ)An] ,
(4)

where ψ = πθ(at|ot)
πθold

(at|ot) is the probability ratio between the
current policy and the old policy and ϵ is a hyperparameter
that controls the clipping range.

Our primary focus is the policy network θ trained by the
MDP with sparse reward. However, the sparse rewards lead
to protracted training periods and challenges in credit as-
signment (Lin et al. 2024). In extreme cases, policies de-
rived from these sparse rewards may impede the conver-
gence of network training. The policy network θ̂ trained by
the MDP with reward shaping can mitigate the drawbacks
above. However, θ̂ may diverge from the core DASC op-
timization objectives. Thus, we propose a gradient-guided
method to train the network, leveraging the benefits of both
MDPs.

First, θ regulates θ̂ to prevent excessive deviation from the
target policy(Wang et al. 2022). The objective function for
θ̂ has been restructured by replacing the similarity ratio ψ
with the policy similarity between θ to θ̂, as follows:

ψθ̂ =
πθ̂(a

n
t |ont )

πθ(ant |ont )
. (5)

To construct gradient connections from θ̂ to θ, we utilize
the meta-gradient method to optimize θ. We treat the pa-
rameter of θ as hyperparameters in the trainer of policy θ̂.
This perspective enables us to compute the meta-gradient of
θ with respect to θ̂, effectively creating a feedback loop be-
tween the two policy networks. The meta-gradient can be
expressed as:

∇θJ(θ̂) = ∇θ̂J(θ̂) · ∇θf(ω, θ̂, θ), (6)

while f(·) denotes the update step size for θ, with ω
representing a sequence of experiences, such as ω =
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(St, OT , At, . . .). For clarity, we use the Stochastic Gradi-
ent Descent (SGD) optimizer as an example to illustrate the
construction of f(·), hence∇θf(·) is defined as follows:

∇θf(ω, θ̂, θ) = −
µf

2

∂2J(θ̂)

∂θ̂ · ∂θ
. (7)

while µf is the learning rate of the SGD. Based on the for-
mula above, we compute the meta-gradient ∇θJ(θ̂) for the
parameter θ. Additionally,∇θJ(θ) represents the gradient of
the policy θ. These two gradients are combined to determine
the update gradient for θ:

∇J = ∇θJ(θ) + ξ · ∇θJ(θ̂). (8)
Here, ξ is used to scale the meta-gradient. As iterations
progress, ξ asymptotically approaches zero, enabling rapid
initial updates to θ while reducing divergence from the ob-
jective function in later stages.

Matching Utility
In the context of a given subtask τ , where multiple avail-
able workers may exist for potential matching, the introduc-
tion of a matching utility function facilitates the evaluation
of the quality of worker-subtask alignment. It’s essential to
underscore that utility assessments are restricted to feasible
matches. Should a worker w fail to satisfy the criteria for
subtask τ , their matching utility is automatically assigned a
value of zero. We formulate utility functions by considering
multiple dimensions of matching.

Skill Compatibility Utility. The skill compatibility util-
ity is employed to evaluate the compatibility of skills. Its
calculation formula is as follows:

uskill =
|Kτ |
|Kw|

, (9)

where |Kτ | represents the number of skills required by sub-
task τ , and |Kw| denotes the skills possessed by worker w.

Distance Utility. The Distance Utility function can be
computed using the following formula:

udist =
Lw −∆dist(l

w, lτ )

Lw
, (10)

where Lw represents the maximum travel distance and
∆dist(·) represents the distance between w and τ .

Time Remaining Utility. The time remaining utility is
utilized to evaluate the urgency level of a task. Its computa-
tional formula is expressed as follows:

utime =
1

e
· e(t−te)/(td−te). (11)

Here, t denotes the current timestamp. As time progresses,
when t is less than te, utime increases gradually. However,
once t exceeds te, it adversely affects the payment of task
q. Therefore, it is crucial for utime to exhibit a more rapid
increase thereafter.

Matching Utility. Given a worker set W = {w1, · · ·wn}
and a subtask set T = {τ1, · · · τn}, If worker w can be
matched with subtask τ , the matching utility of a matching
instance (w, τ) ∈W × T is defined as

u = v1 · uskill + v2 · udist + v3 · utime, (12)
where vi are hyperparameters used to balance multiple util-
ities, each in the range [0, 1] and satisfying

∑
vi = 1.

Utility Combination Parameter Optimization
To streamline the computation of the hyperparameter vx of
utility, we initially replace them with an auxiliary parameter
η = {α, β}, where each component ranges from [0, 1]:{

v1 = α · β
v2 = α · (1− β)
v3 = 1− α

. (13)

The meta-gradient for parameter η is constructed simi-
larly to collaborative policy optimization. Specifically, it is
derived from the policy θ̂ trained using reward shaping. The
update formula is given by:

∆η = −µη · ∇θ̂J(θ̂) · ∇ηf(ω, θ̂, η), (14)

where µη is the learning rate for updating meta parameter η.
In Eq.(14), the primary challenge is computing ∇ηf(·), We
can use the chain rule to relate f(·) to the utility function
u: Specifically, the gradient of f(·) with respect to η can be
expressed as:

∇ηf(ω, θ̂, η) =
∂f

∂u

∂u

∂η
. (15)

The derivative ∂u/∂η is easily solvable, whereas ∂f/∂u
remains computationally infeasible. However, in practice, a
high match utility u results in the environment rewarding
the agent with a relatively high reward r, indicating a pos-
itive correlation between r and u. Therefore, we substitute
∂f/∂r with ∂f/∂u. To clarify, we use the SGD optimizer
as an example to illustrate f(·). Thus, f(·) can be expressed
as f(·) = − 1

2µf∇θ̂J(θ̂). And the computation method for
∂f/∂r is as follows:

∂f

∂r
= −µf

2

∂2J

∂r∂θ̂
= −µf

2

∂

∂θ̂

(
∂J

∂A
· ∂A
∂r

)
. (16)

Generalized Advantage Estimation (GAE) is employed to
compute the advantage function A:

A =

∞∑
l=0

(γλ)lδt+l, (17)

where δt denotes the Temporal Difference (TD) error (Mnih
et al. 2015) at each time step, γ is the discount factor, and
λ modulates the weighting of different time steps. The TD
error δt can be calculated using the reward rt and the value
function V as δt = rt + γV (st+1) − V (st), V (st) repre-
sents the expected value of long-term returns, encapsulating
the overall policy’s sustained gains. It is assumed that the
value function is dependent on the state st rather than being
directly influenced by the immediate reward rt. Therefore,
we can further simplify Eq.(16):

∂A

∂rt
=
∂δt
∂rt

= 1. (18)

Through the above derivation process, we can use the fol-
lowing formula to differentiate f(·) with respect to η:

∇ηf(ω, θ̂, η) = −
µf

2

∂

∂θ̂

(
∂J

∂A

)
· ∂u
∂η
. (19)
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Algorithm 1: Meta training algorithm
Input: episode E, iteration M , soft update coefficient χ
Output: policy network θ, value network φ, hyperparame-
ters η

1: Initialize policy network θ and θ̂ value network φ, hy-
perparameters η.

2: Initialize replay buffer D
3: for episode = 1, . . . , E do
4: Use θ to execute actions and collect experience, then

store transitions (st, {ont }, {ant }, {rnt }, st+1) in the
data buffer D

5: for iteration← 1 to M do
6: Sample mini-batch from D
7: for each agent n ∈ N do
8: Compute ψθ̂ and update θ̂n by Eq.(4)
9: update θn by Eq.(8)

10: if η can update then
11: Update η by Eq.(14)
12: end if
13: Soft update:

{
θ ← χθn + (1− χ)θ
θ̂ ← χθ̂n + (1− χ)θ̂

14: end for
15: Update φ by Eq.(20);
16: end for
17: end for
18: return θ, φ, η

Meta Training
Building upon the aforementioned methods, we can uti-
lize meta-gradient-guided policies and hyperparameter opti-
mization for training. Algorithm 1 illustrates the pseudocode
for our proposed solution.

We employ the policy network θ to execute actions and
utilize the experience gathered under this policy to jointly
train the network parameters θ, θ̂, φ, and the hyperparam-
eter η. For the value function, we aim to minimize its pre-
diction error using the mean squared error (MSE) as the loss
function:

L = Et[(Vφ(st)− V target)2], (20)
where Vϕ(st) is the current estimate of the value function.
V target is the target value, usually derived from the return
and the advantage function.

Experiments
Experimental Setup
Datasets. We extract road network data from Open-
StreetMap1 for two cities: Chengdu (36,630 nodes, 50,786
edges) and Haikou (20,592 nodes, 49,549 edges). Regard-
ing spatial tasks, we first extracted orders from DiDi2, com-
prising 7,065,937 orders for Chengdu and 14,160,170 orders
for Haikou, where the pick-up location of the order corre-
sponds to the location of the subtask. Then, spatial tasks
were constructed using random Directed Acyclic Graph

1https://www.openstreetmap.org/
2https://www.didiglobal.com/

Parameter Value Parameter Value
µη 1× 10−4 µθ 1× 10−3

µφ 1× 10−3 χ 1× 10−3

γ 0.99 Lw 5 km
ϵ 0.2 ζ 0.02
vw 10 m/s κ 1× 10−3

Nw 5 Nτ 5
λ 0.95 ξ0 1

|T |max 16 |T |min 6

Table 1: Simulation Settings.

structures. The task skill model was developed based on
Point-of-Interest (POI) types from AutoNavi Maps3, clas-
sified into 10 distinct categories. Each subtask derives 1-
3 skill requirements from nearby POIs, following a right-
skewed normal distribution (µ = 1.5, σ2 = 0.5, γ = 10).
Worker skills were modeled according to a normal distribu-
tion (µ = 3.5, σ2 = 1), while worker initial locations were
randomly initialized using DiDi order data. Code is available
at [https://github.com/kiren-costello/dasc].

Implementation Details. We employ the SGD optimizer
for training all models, utilizing a learning rate of 1× 10−4.
The soft update parameter is set at 1× 10−3, and the hyper-
parameter update rate is maintained at 1×10−3. The key pa-
rameters for our simulation experiments are presented in Ta-
ble 1. All experimental procedures are executed on a compu-
tational system operating Ubuntu 22.04.2 LTS with Python
3.8, equipped with Intel Core i9-13900K CPU @ 5.80 GHz,
NVIDIA GeForce RTX 3090 GPU, and 32 GB RAM.

Baselines.
• GREEDY: greedily assigns each independent subtask

(those without precedence constraints) to the nearest
available worker.

• KM (Kuhn 1955; Munkres 1957): employs the Kuhn-
Munkres algorithm to optimally match independent sub-
tasks with workers, maximizing overall assignment effi-
ciency.

• REC: within the RMO framework, recommending sub-
tasks but matching them with workers greedily.

• GAME (Ni et al. 2020): formulates task assignment as
a game-theoretic problem, employing an approximation
algorithm that yields provable bounds on dependency-
aware task assignment quality.

• ODTA (Yao, Yang, and Xu 2022): is a threshold-based
randomized and two-stage algorithm enhancing effi-
ciency and effectiveness in dynamic environments.

Experimental Results
Analysis of Different Training Approaches. To evaluate
the effectiveness of our proposed approach, we conducted
a comparative analysis against two baseline methods: (1)
policies trained using only sparse rewards and (2) policies

3https://lbs.amap.com/
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(a) Chengdu datasets (b) Haikou datasets

Figure 5: Comparative analysis of different training meth-
ods (Green: sparse reward, Blue: reward shaping, Red: meta-
gradient-guided).

trained using only reward reshaping. We retained policies at
different training steps and tested them on the same experi-
mental dataset across 3 groups, measuring the crowdsourc-
ing platform’s average revenue. The experimental results are
shown in Fig.5.

During the early training phase, the policy trained with
reward shaping achieves higher revenue than others. How-
ever, as training progresses, policies trained with meta-
gradient-guided and sparse rewards tend to surpass it. Com-
paring sparse rewards to meta-gradient-guided training, ex-
periments results show that on the Chengdu dataset, the
sparse rewards policy achieves performance comparable to
the meta-gradient-guided method after 6×105 training steps.
However, on the Haikou dataset, the sparse rewards policy
underperforms compared to the meta-gradient-guided train-
ing policy, even after 1.0× 106 training steps. These experi-
ments show that the meta-gradient-guided method improves
policy optimization and accelerates training.

Analysis of Utility Hyperparameter. We conducted ex-
periments on two distinct datasets using initial η = {α, β}
values of {0.2, 0.2}, {0.5, 0.5}, and {0.8, 0.8}. The results
are presented in Fig.6. Despite some variations between dif-
ferent experimental groups, the outcomes converged within
a similar range. Based on these results, we selected the hy-
perparameters for subsequent experiments: {0.95, 0.10} for
the CD dataset and {0.96, 0.06} for the HK dataset.

During the training process, hyperparameters exhibit sud-
den jumps. caused by factors like suboptimal subtask rec-
ommendations or increased platform task traffic. Meta-
gradients involve second-order derivatives, which result in
heightened sensitivity compared to conventional gradients.

0.2 0.4 0.6 0.8 1.0
Training Steps 1e7

0.0
0.2
0.4
0.6
0.8
1.0

Va
lu

es

0.2 0.4 0.6 0.8 1.0
Training Steps 1e7

0.0
0.2
0.4
0.6
0.8
1.0

Va
lu

es

(a) Chengdu datasets (b) Haikou datasets

Figure 6: Training process analysis with varying initial pa-
rameters η = {α, β}.

Parameter Value
# of tasks 20, 40, 60, 80, 100
# of workers 100, 200, 300, 400, 500

Table 2: Parameter Settings.
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Figure 7: Effect of different parameter settings on Chengdu
and Haikou datasets.

Evaluation and Comparative Analysis. To evaluate the
performance of the proposed algorithms, we conducted ex-
periments by varying the parameters outlined in Table 2. We
used the platform’s total revenue as the primary evaluation
metric. All experimental results are the average of 5 runs.

Fig.7 (a) and (b) illustrate the superior performance of
our proposed RMO framework, with the task recommen-
dation approach substantially outperforming alternative al-
gorithms. Notably, as the number of tasks increases, our
method employing joint optimization proves more effective
than the REC method, which relies solely on task recom-
mendation. Fig.7 (c) and (d) indicate that as the worker count
rises, total revenue for all methods increases due to enhanced
task completion efficiency. However, the RMO method dis-
tinguishes itself by maintaining high completion efficiency
and platform revenue even with fewer workers.

Conclusion
This paper presents a novel two-stage framework, the Rec-
ommend and Match Optimization (RMO) Framework, for
dependency-aware spatial crowdsourcing. Additionally, We
propose a joint optimization method that leverages meta-
gradients to guide credit assignment across multi-agent poli-
cies under sparse rewards, complemented by an external
hyperparameter synchronization mechanism for neural net-
works. This unified approach enables concurrent training of
both stages through a single gradient descent process. Ex-
tensive experiments conducted on two datasets verified that
our proposed method outperforms all compared approaches.
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