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« Safety-critical autonomous systems are growing with advances in machine learning, computing,
communication and sensing technologies.

« Examples: robotic systems e.g. ground robots, unmanned aerial vehicles (UAVS), autonomous underwater
vehicles (AUVs), and self-driving cars to name a few.

 Safety — critical systems: 1i. inter agent safety and ii. environment safety.
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Observation
radius

Xl = States\ « Afully cooperative multi-agent safety-critical

- i Contm,S] system setting.

A finite but arbitrary number of agents.

- Agent dynamics: xt,; = f(xk ul), x' € Xt and
- u® € U are states and controls.

» The environment state is denoted by x¢ € X¢.

Stage cost agent of agent i is denoted as I*(x!, u') and the

[ DIBEES 10 ] total stage costis: [(x,u) = ¥, 5 [(x',ul).

road boundary

Partially observability: o' € 0' € X.
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road boundary

Agent specific safety functions {b} (0’ )},j € N(0"),
Ni(oY) is a finite set.

Thus, our safety-constrained cooperative game is
expressed as follows:

i t
ninl}rlN IETN(”L---JTN) [Z) yil(xy, ut)]

Subject to:b}'(oé) > 0,Vi,Vj € Ni(o}),
Vt>0



Existing Works

* Model Predictive Control [1], [2].

* Multi-Agent Reinforcement Learning [3].

* Multi-Agent Constrained Policy Optimization [4].
« RL with Safe Control [5].

Our approach: A Hierarchical Multi-Agent Reinforcement Learning Approach using CBF based Skills
(HMARL-CBF).
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HMARL-CBF

Hierarchical Policy Learning

\ High-Level Problem
Safety-constrained cooperative game: Learning joint cooperative behavior
using skills.
n{nlgN ]E‘L'~(1T1,...,1TN) [Z ytl(xt; ut)] e l
. t=.0
Subject to:E[min{b; (o), 0}] =0 VieN, Low-Level Problem
jENY0"),Vt=0 Learning the agent skills.

.




HMARL-CBF

Hierarchical Policy Learning

High-Level
Problem

l

Low-Level
Problem

Remarks

Solve the Unconstrained Problem — minimize the total
discounted cost
Learns a feedback policy that maps to skills of agents.

Agent-Wise Constrained Problem solved using CBFs to
learn the skill policy.
The constraints correspond to safety execution.

High level policy optimization focuses on coordination.
High level problem is unconstrained and solved in lower dimensional latent space — reduced sample complexity.

« Safety is enforced locally through agent-wise constrained problems.

Shared low-level Agent-wise problems assuming homogeneity — scalability, transferability and generalizability.
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Results - Training
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Conclusion

* Propose HMARL-CBF, a hierarchical MARL method combining high-level skill selection with low-level safe
execution via CBFs, learnt jointly without posing additional sample complexity.

»  Our approach guarantees safety during training and evaluation.
» The framework is scalable to a large number of agents.
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