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Motivation
Scripted human proxies lead to OOD performance 

collapse in human-robot collaboration (HRC), 

motivating multi-agent reinforcement learning (MARL). 

However, MARL suffers from non-stationarity and a 

structural rationality gap (RG), as decentralized 

updates deviate from team-optimal paths.

Problem Formulation
We model HRC as a decentralized POMDP ℳ =

𝒮,𝒜, 𝑃, 𝑅, 𝛾, 𝑁, 𝒪, 𝑍 . To maximize the global return 

𝐽 𝜽 , heterogeneous agents utilize decoupled policies 

𝜋𝜃𝑖 𝑎𝑖,𝑡 𝑜𝑖,𝑡 , operating within a joint parameter 

𝜃1
⊤, … , 𝜃𝑁

⊤ ⊤ ∈ ℝ𝔻.

Misalignment in Decentralized MARL

Decoupled Learning Dynamics – Interaction 

between local agent intentions and the global team 

objective drives learning in CTDE:

➢ Independent Rationality Field 𝒖𝐢𝐧𝐝 – Assuming 

other agents are stationary:

𝐮𝐢𝐧𝐝 𝜽 ≜ ∇𝜃1𝐽1
⊤, … , ∇𝜃𝑁𝐽𝑁

⊤ ⊤
∈ ℝ𝔻

➢ Team Rationality Field 𝒖𝐭𝐞𝐚𝐦 – True ascent 

direction of the global team return 𝐽 𝜽 :

𝐮𝐭𝐞𝐚𝐦 𝜽 ≜ ∇𝜽𝐽 𝜽 =
𝜕𝐽

𝜕𝜃1

⊤
, … ,

𝜕𝐽

𝜕𝜃𝑁

⊤ ⊤

∈ ℝ𝔻 

HALO Methodology
We propose heterogeneous-agent Lyapunov policy optimization (HALO), a framework that 

stabilizes decentralized MARL by enforcing Lyapunov-based contraction in policy-parameter space. 

Unlike Lyapunov-based safe RL, which targets state/trajectory constraints in constrained Markov 

decision processes, HALO uses Lyapunov certification to stabilize decentralized policy learning. 

RG & Lyapunov Objective

The Rationality Gap 𝑽 𝜽  – Defined via a 

Lyapunov function measuring the mismatch:

𝑉 𝜽 ≜
1

2
𝐮𝐢𝐧𝐝 𝜽 − 𝐮𝐭𝐞𝐚𝐦 𝜽

2

2

Objective – Enforce a Lyapunov dissipation 

constraint for asymptotic contraction:

∇𝜽𝑉, 𝐝 ≤ −𝜎𝑉 𝜽 , 𝜎 > 0

𝜽𝒕

𝐮𝐭𝐞𝐚𝐦
𝐭 = ∇𝜽𝐽 𝜽

𝒕

𝐮𝐢𝐧𝐝
𝐭 = ∇𝜃1𝐽1

⊤, … , ∇𝜃𝑁𝐽𝑁
⊤ ⊤

∇𝜃𝑖𝐽𝑖 𝜃𝑖
𝑡; 𝜽−𝒊

𝒕

∇𝜃𝑖𝐽𝑖 𝜃𝑖
𝑡; 𝜽−𝒊

𝒕+𝚫𝑻

∇𝜃𝑖𝐽𝑖 𝜃𝑖
𝑡; 𝜽−𝒊

𝒕+𝚫𝑻 ≠ ∇𝜃𝑖𝐽𝑖 𝜃𝑖
𝑡; 𝜽−𝒊

𝒕

RG

𝜽𝒕+𝚫T Team 

optimum

Stability-Constrained Projection

Quadratic Program (QP) – Minimum-norm projection 

onto stable half-space:

min
𝐝

1

2
𝐝 − 𝐮𝐢𝐧𝐝 𝜽𝒌 2

2
s.t. ∇𝜽𝑉 𝜽𝒌 , 𝐝 ≤ −𝜎𝑉 𝜽𝒌

Exact Analytic Solution (KKT) – Here, 𝐡 ≜ ∇𝜽𝑉 𝜽𝒌 :

𝐝∗ = 𝐮𝐢𝐧𝐝 −max 0,
𝐡, 𝐮𝐢𝐧𝐝 + 𝜎𝑉

𝐡 2
2 + 𝜖

𝐡

Scalability via Hessian-Vector Product

The Bottleneck: Computation of 𝐡 = 𝐇𝐢𝐧𝐝 −𝐇𝐭𝐞𝐚𝐦
⊤
𝐮𝐢𝐧𝐝 − 𝐮𝐭𝐞𝐚𝐦  requires 𝒪 𝐷2  Hessian.

HALO Solution: Bypasses matrix materialization via double back-propagation (create_graph=True), 

executing a cheap Hessian-vector product (HVP).

Experiments and Results
Extensive simulations and real-world robot experiments show 

that this certified stability improves generalization and robustness 

in collaborative corner case.

Simulation benchmarks and learning dynamics analysis

Sim-to-real deployment across embodied taskProject Website

HALO

PCGrad

HATRPO

HAPPO

Partners update 

𝜽−𝒊
𝒕 → 𝜽−𝒊

𝒕+𝚫𝑻
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  J  ( 𝜽 )


   𝜋   𝜃 i  (   a  i , t |   o  i , t )
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