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Presenter Notes
Presentation Notes
We would like to present our work on Heterogenous Graph Transformers for Simultaneous Task Allocation and Scheduling of Mobile Multi-Agent Teams


Why Multi-Agent Teams are important?
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Multi-Agent Coordination is a common problem in various domains, such as Warehouses, Manufacturing, Logistics and other applications such as Naval Operations that require completion of a large number of tasks by a large number of agents


Multi-Agent Coordination as a Task Allocation and

Scheduling Problem Mt Agers

» Task Allocation and Scheduling is an NP-Hard Optimization Problem |
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The Combinatorial Assignment of Agents to Tasks is an NP Hard Optimization Problem

Heuristics are suboptimal at large scales

Metaheuristics leverage search but are computationally costly

Prior Learning Based Methods that are both scalable and fast are limited to subset of problems where only consider Task Duration or Travel Time.

Furthermore, these models only account for a subset of temporal constraints, such as Time Window Constraints or Order Constraints

or may not account for heterogeneous nature of agent while leveraging Sequential Assignment of Tasks to Agents, which makes them computationally inefficient and hard to train

In our work, we focus on simultaneous task allocation and scheduling for problems where single agent is needed to complete each task across time, while accounting for heterogeneity in task duration and travel times under temporal constraints.

https://doi.org/10.1177/0278364913496484

Contributions

1.

2.

A Method of representing TARGETNET, a Heterogenous Mobile Multi-
Agent Task Allocation and Scheduling using a relational Graph Model.

Integrate Edge Features and Attention into state-of-the-art Heterogenous
Graph Transformers for the use of Optimization Problems.

Simultaneous Decision-Making using Graph-based Networks with Edge
Features that allow for:
* 13% better than the best performing metaheuristics in less than 1% of the time

« 36% better performance than state-of-the-art GNN-based schedules that use
Sequential Decision-Making in 5% the time in 10 agent-20 task problems

« 232% better than partial schedules generated by exact solvers after 12 hours in less
than 12 seconds, in 40 agent-200 task problems
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In our work we present a method of encoding Heterogenous Multi-Agent Task Allocation and Scheduling problems by leveraging Graph Modelling.

We extend Heterogenous Graph Transformers to include Edge Features and Attention to process the information encoded in these graph models, applying them in Optimization Problems for Simultaneous Decision Making.

Our method outperforms best metaheuristics, and sequential graph neural network based Schedulers, allowing for higher performance schedule generate at a fraction of the time used by the exact solvers.


Integrating Relational Information through Edge Attention
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While Heterogenous Graph Transformers are able to process node features, the edge features that encode the relational information such as travel time requires us to expand the model archictecutre to account for edge attention and message passing.

The addition of edge attention allows the model to encode more information than previously possible. This leads to the expansion of the capabilities of Graph Transformers to learn more diverse behaviors.
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This matrix allows us to first assign an Agent to each Task

Then determine the order of the tasks given the assigned agent

And finally construct a schedule

Accounting for heterogenous travel time of agents from one task to the next

Heterogenous time durations determined by agent capabilities

As well as temporal constraints


Policy Training using REINFORCE!"! :
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[11 R. S. Sutton and A. G. Barto, Reinforcement learning: An introduction, vol. 1, no. 1.
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We train our model using Reinforcement Learning, where the policy is a combination of the Task Allocation and Scheduling policy

We evaluate each task assignment based on feasibility and final makespan of the entire schedule.


Experiments

Training:

« 200 Small-Scale Problems
Testing on:

Small: 10 Agents, 20 Tasks
Medium: 10 Agents, 50 Tasks
Large: 20 Agents, 100 Tasks
Xlarge: 40 Agents, 200 Tasks

Metrics:

» Schedule Quality Relative to the MILP

R .
Solver = —22H< % 100%
RmiLp

Num Feasible

» Feasibility Percentage =
100%

» Training and Computation time

Num Task

Exact Solvers <«
Heuristics —<[
Metaheuristics
—
Sequential Models —<<
\
Ablations for GNNs I
without Edge —
Attention and .
Residuals

MILP Solver

EDF

CA-EDF
Gen-Random 1
Gen-EDF 1
Gen-Random 3
Gen-EDF 3
HetGAT
Res-HetGAT
Seqg-TARGETNET\ER
Seq-TARGETNET\E
Seq-TARGETNET\R
Seq-TARGETNET
TARGETNET\ER
TARGETNET\E
TARGETNET\R
TARGETNET (Ours)

Georgia
Gl" Tech.



Presenter Notes
Presentation Notes
We train our models on 200 small scale problems with 10 Agents and 20 Tasks, before testing them on larger problems up to 40 Agents and 200 Tasks.

We report the Schedule Quality Relative to the MILP Solver, Feasible Task Allocation Percentage and execution time, along with Training Time for learning based models.

We compare our model’s performance against Exact Solvers, Heuristics, Metaheuristics, State of the Art Learning-based Sequential Models, along with an ablation of our model without the edge attention and residuals


TARGETNET Learns Faster, and Executes Faster
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Our empirical results show that Simultaneous Scheduling method allows for faster training time than prior learning based methods. Furthermore, our method is able to produce schedules faster than Heuristics, Metaheuristics and Exact methods with zero shot learning to larger scales after being trained on small scale.




TARGETNET Generates Schedules of Higher Quality than

Baselines
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The inclusion of Edge Attention allows TargetNET to learn policies that perform better across multiple scales, while being order of magnitude faster than sequential methods.


TARGETNET Produces more feasible schedules than baselines
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We also found that TARGETNET is able to learn policies that are able to generate more feasible task assignments on average across 3 seeds compared to other learning-based models, showing that our model is less brittle than models without edge attention.
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In conclusion, we present a method of Simultaneous Task Allocation and Scheduling.��We do this by representing Heterogenous Scheduling Problems through Graph Models that can encode Heterogenous Task Durations and Travel Times,

Pass it through a Heterogenous Graph Transformer that can now account for Edge Attention, before allowing 1 pass Task Allocation and Scheduling, that is faster to train and execute than State-of-the-Art Sequential Models, achieving scalable and fast learning-based Task Allocation and Scheduling.
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