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Hierarchical Task Network Method

Selection
Filter Applicable ¥

Matia(Ce, WSy) = {M € M(CYy) | pre(M,WS;) = true}

Goal: expose only
semantically valid
methods under
designer-defined
constraints.

‘ Applicable method

‘ Invalid method

M yatia(Cy, St) = { M1, My}

Multi-Objective Reinforcement Learning

Convex Coverage Set

Multi-objective reward (CCS)
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@ @ Pareto Frontier
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Non-optimal
Goal: optimize

behavior under An optimal policy for

Value of Objective 2

different trade-offs each linear
between objectives . preference lies in the
Value of Objective 1 CCS|

Dynamic Preferences

Preferences encode the current trade-off between competing
objectives. Changing wt can change method selection without
modifying the HTN domain.
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Goal: adapt method Shared contoxt
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without modifying the O v
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Proposed Architecture

HTN filters decomposition methods using symbolic constraints,
while preference-conditioned MORL selects the preferred valid
method under the current state and preferences.
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HTN filters what is valid.
Preferences define what matters.
MORL learns what is preferable.

Only the selected method (Mt*) is decomposed,;
Primitive tasks remain under conventional execution.
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Hierarchical Creadit Assignment
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Credit is assigned at the hierarchical decision level, not to
primitive actions.

Proposed Experiments

Current Prototype:
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Conclusion

HTN defines what is valid. MORL learns what is preferable.
Dynamic preferences determine what matters now.

The proposed architecture moves learning to hierarchical
method selection, preserving symbolic constraints and
conventional low-level execution

Next: evaluate adaptation, generalization, semantic validity,
and runtime decision cost.



	Slide 1

