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Abstract— Mixed Integer Linear Programs (MILPs) are
essential tools for solving planning and scheduling problems
across critical industries such as construction, manufacturing,
and logistics. However, their widespread adoption is limited
by long computational times, especially in large-scale, real-
time scenarios. To address this, we present a learning-based
framework that leverages Behavior Cloning (BC) and Rein-
forcement Learning (RL) to train Graph Neural Networks
(GNNs), producing high-quality initial solutions for warm-
starting MILP solvers in Multi-Agent Task Allocation and
Scheduling Problems. Experimental results demonstrate that
our method reduces optimization time and variance compared
to traditional techniques while maintaining solution quality and
feasibility.

I. INTRODUCTION
Mixed Integer Linear Programs (MILPs) serve as a fun-

damental framework for combinatorial optimization prob-
lems, facilitating solutions across a wide range of planning
and scheduling tasks in logistics [1], construction [2] and
manufacturing [3]. These problems often involve making
time-sensitive, resource-constrained decisions about what
actions to take, when to take them, and how to coordinate
them—challenges central to planning and scheduling prob-
lems in a wide range of industrial sectors [4]. As MILP
aims to solve NP-hard problems such as Task Allocation and
Scheduling [5, 6], there are significant challenges in terms
of computation time, particularly for large-scale or time-
sensitive applications [7]. Traditional solution techniques
used in the MILP Solvers, such as Branch-and-Bound (B&B)
and constraint generation, require computational resources to
converge into an optimal solution [8]. To enable the practical
deployment of intelligent robotic systems in construction
environments, reducing solver latency becomes crucial.

Warm-starting has emerged as a promising strategy to
accelerate MILP solvers by providing high-quality initial
solutions, reducing the number of iterations needed for
convergence [9]. In particular, BC—a supervised learning
approach—has emerged as a promising method for learning
policies replicating expert demonstrations in optimization
tasks. RL also has been adopted to fine-tune BC’s perfor-
mance further. Our paper explores the use of BC and RL to
warm-start MILPs for planning and scheduling applications
in complex, real-world construction environments—reducing
computational overhead while ensuring solution quality and
operational reliability.

II. RELATED WORKS

A. Classical Methods for Solving MILPs
Warm-starting has long been used to accelerate MILP

solvers by reusing information from previous instances. The
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general approach is to start each B&B from the previous
solver run’s final B&B leaves [10]. Ralphs et al. [11]
proposed another method that utilizes previously computed
B&B trees and dual-derived information to efficiently re-
solve new problem instances.

B. Machine Learning for MILPs

Machine learning has increasingly been integrated into
MILP solving, both by enhancing solver internals and by
generating useful external guidance. On the solver side,
approaches include using generative models to learn branch-
ing policies that mimic strong branching decisions [8] and
learning more effective primal heuristics [12]. In addition,
by leveraging partial or sub-optimal solutions generated by
learning-based methods, previous work has shown to achieve
state-of-the-art performance [13]. BC, for instance, treats
optimization trajectories as supervised learning datasets of
state-action pairs, enabling models to imitate expert strate-
gies [6]. However, BC often struggles to generalize to unseen
instances due to distribution shift. To mitigate this, online
fine-tuning BC policies with RL has proven effective [9, 14],
allowing models to adapt based on solver feedback and
improve performance in unfamiliar environments.

C. Warm Starting in MILPs

Recent works have proposed learning branching strate-
gies [8] within MILP solvers. While promising, such an
approach often requires tight integration with solver internals
and needs to run model training multiple times, which is
computationally heavy. Other works optimize via initializing
solvers with expert-like solutions [1, 15], but it is limited
in scalability guarantees [7]. GNN has shown the ability to
provide sub-optimal solutions at different scales for NP-Hard
Problems such as task allocation and scheduling [3, 6]. In
this paper, we will build on these advances and investigate
the use of the BC+RL fine-tuning framework to train GNNs
to warm-start MILP, which retains compatibility with off-the-
shelf solvers and supports large-scale, temporally constrained
multi-agent scheduling.

III. METHODOLOGY

A. Multi-Agent Task Domain

We develop a simulation environment tailored to
construction-inspired multi-agent task allocation and motion
planning scenarios, an example shown in Figure 1, which
tackles the challenge of optimizing long-term sequential
decision-making in a continuous domain with obstacles.
Our environment incorporates agents with heterogeneous
velocities and task makespan to represent the heterogeneity



Fig. 1. Multi-Agent Task Allocation and Motion Planning Environment
showing the Agents, Tasks, Obstacles, and pre-computed Motion Planning
through Multi-Agent Rapidly-exploring Random Graphs, with different
agents moving along different paths to complete the assigned tasks.

present in real-world scenarios where agents possess varying
capabilities.

B. Environment Design

The continuous environment is structured to simulate
realistic construction scenarios, including the presence of
obstacles that agents must navigate and the order constraints
between tasks and time windows. The obstacles and con-
straints lead to challenges in both task allocation and motion
planning, as agents must consider not only the optimal task
sequence with respect to constraints but also the feasibility
and efficiency of their paths.

• Order Constraint: Some tasks must be executed in a
predefined order due to dependencies. Violating these
constraints would result in infeasibility of the task
execution.

• Time Window: Each task is associated with a specific
time window within which it must be completed. Tasks
that fall outside their designated time windows are
deemed infeasible.

To estimate travel times between task locations, we pre-
compute collision-free paths using Multi-Agent Rapidly-
exploring Random Graphs (MA-RRG), allowing agents to
navigate around static obstacles efficiently [16].

C. MILP Approach for Task Scheduling and Assignment

To generate a task schedule that balances agent capabilities
and travel times, we adopt a MILP formulation that jointly
solves multi-agent task assignment and scheduling. The
constraints used in our MILP formulation for Multi-Agent
Task Allocation and Scheduling are presented in Equation 1,
with constraints (C1) through (C10). The MILP constraint
is that each task is assigned to exactly one agent and
completed once. Two tasks assigned to the same agent can
only be completed in a single order, (C2) and (C3), through
sequencing constraints. Agents cannot move from one task
to the next without completing the previous tasks and have to
travel through a predefined path for a pre-calculated duration.
The order of tasks obeys the wait time constraints and time
windows, constraints (C6), (C7), (C8), and (C10). Finally,

tasks take a duration determined by the heterogeneous task
durations for different agents (C9).

The objective is to generate an optimized schedule by min-
imizing a cost function. Our methodology builds upon [5],
incorporating heterogeneous travel times based on varying
agent speeds and precomputed distances between initial
agent locations and task sites.

min f(A,S1, . . . ,SNA)

s.t.
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tFk ≥ tSk +Aikt
E
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tFk ≤ ek ∀k ∈ T (C10)
(1)

where M is a sufficiently large positive constant used to
enforce conditional constraints.

D. Learning-Based Methods

1) Behavior Cloning: BC is employed to accelerate the
optimization process by leveraging expert-generated data to
warm-start the MILP solver. Expert MILP solvers generate
high-quality solutions for 200 environment instances focused
on scenarios with 10 agents and 20 tasks. These outputs
are preprocessed to match the input format required by
the GNN model. The GNN is then trained to imitate the
MILP solver by minimizing the discrepancy between its
predictions and expert actions. This trained GNN is evaluated
on the same scaled test environments to assess generalization.
By providing high-quality initializations, the BC approach
significantly speeds up the MILP solver and enables broader
deployment across similar task allocation problems.

2) Fine-tuning via Reinforcement Learning: RL further
refines task allocation by training the GNN through interac-
tion with the environment and MILP solver. The model gen-
erates task assignments, which are refined by the solver and
used to update the GNN via reward-driven learning. Rewards
combine schedule quality and time required to optimize. The
schedule quality score is calculated at the final time step
(t = |T |) determined by number of Tasks, that penalizes
both makespan and infeasible assignments as defined in
Equations (2), where tms is the total makespan, tddl is the
total deadline, and 1feasiblei means task assignment for task
i can be done within MILP’s constraints. The optimization
time required to optimize is defined in Equations (3). The
design of this reward structure is still being explored to
maximize effectiveness.



Fig. 2. Reinforcement Learning framework showing the interaction
between the GNN model, environments, and the warm-started MILP solver.

Rscore =

∑|T |
i=1 1feasiblei +

(
1.0− tms

tddl

)
T + 1

(2)
Rtime = −toptimization (3)

E. Warm-starting Optimizer with Schedules

The MILP solver is designed to initialize each time it is
called, consistently reading from the same set of parameter
settings. This consistency ensures that the MILP solver’s
performance remains stable across different optimization
runs, providing a reliable baseline for evaluation.

To test the performance of different methods, partially
optimized task allocation schedules obtained from various
methods are passed into the MILP solver as initial solu-
tions. The optimization time required to achieve the op-
timal solution is recorded as a key performance metric.
By comparing the performance of different warm-starting
methods, the effectiveness of each approach can be evaluated.
The consistency of the MILP solver’s initialization process
ensures that any observed improvements can be attributed
to the quality of the provided initial schedules rather than
stochastic variations in the solver’s behavior.

IV. EXPERIMENTAL RESULTS

To evaluate the proposed approach, we conducted ex-
periments on our Multi-Agent Task Allocation and Motion
Planning environment described in Section III. Our focus
is to compare the efficiency of various methods, including
Baseline (Exact Solvers without warm-start), EDF (Ear-
liest Deadline First), Constraint-Aware EDF, Behavior
Cloning (BC Only), and Behavior Cloning with Reinforce-
ment Learning Fine-Tuning (BC RL).

EDF is a heuristic that assigns tasks to robots greedily
based on the earliest deadline, aiming to minimize task
completion time without considering task dependencies [17].
Constraint-Aware EDF extends this by accounting for task
prerequisites, only scheduling tasks whose dependencies
have been satisfied [18].

A. Experimental Setup and Metrics

We evaluate five methods (Baseline, EDF, Constraint-
Aware EDF, BC Only, and BC RL) on 100 randomly gen-
erated instances with 10 agents and 20 tasks. Each instance
runs 10 times. We report the average and standard deviation
of optimization time and quality score. Time measures solver
speed; quality scores combine feasibility and makespan rel-
ative to deadlines, higher scores indicate more feasible and
compact schedules, with values ranging from 1 to 21.

Fig. 3. Average and standard deviation of optimization time in 10 agents
20 tasks domain across methods. All warm-start methods reduce time; BC
RL achieves the lowest average time with stable performance.

Fig. 4. Average and standard deviation of quality score in 10 agents 20
tasks domain across methods. BC RL achieves competitive quality with low
variance, balancing performance and stability.

B. Results Analysis

The results in Figure 3 show that all learning-based
methods significantly outperform the baseline in terms of
optimization time. BC achieves better performance over
EDF and Constraint-Aware EDF, with the additional fine-
tuning via RL providing slight improvements. The standard
deviation values indicate low variance, demonstrating the
robustness of the proposed methods. The current measure
of optimization time includes searching time and validation
time. The lack of significant improvement in the optimization
time for BC and BC+RL may be due to this. Searching time
will be analyzed separately in the future.

In Figure 4 Constraint-Aware EDF achieved the highest
average quality score, followed by EDF, indicating strong
schedule feasibility and compactness. The learning-based
methods, BC with RL and BC Only, outperformed the
Baseline but were slightly less effective than EDF-based
heuristics. This may be due to the EDF-based heuristics
explicitly enforcing temporal and dependency constraints
during task assignment. In terms of stability, Constraint-
Aware EDF had the lowest standard deviation, while BC



RL showed the most variability, suggesting occasional per-
formance inconsistency.

V. DISCUSSION AND CONCLUSION

Our results show that BC effectively warm-starts MILP
solvers, significantly reducing optimization time and out-
performing the baseline in quality. RL fine-tuning provides
modest gains on unseen instances but lacks consistency,
indicating room for improvement in training and reward
design. While learning-based methods perform well, they
still fall short of heuristic methods like Constraint-Aware
EDF in peak quality and stability. BC learns to provide
solutions by minimizing cross-entropy between the optimal
solution and the learned model, which may allow it to learn
to output solutions that are closer to the optimal solution
despite having a lower performance, making search take
shorter times compared to EDF-based heuristics [19]. RL
optimizes BC further via online fine-tuning to take less time.

Future work will focus on refining RL training and reward
design, as well as testing scalability to larger instances
(e.g., 20 agents, 100 tasks) to assess the robustness of our
approach. Fidelity will also be used to investigate how close
the policies we learn are to the optimal ones. It is also worth
exploring ways of combining the study of branching policy
and warm-start to get both good branching strategies and
good bounding policy.
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