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simulated triadic group MI session.

How the hybrid facilitator works

A Reinforcement Learning-Based Facilitator
for Simulated Group Motivational Interviewing

Core idea: RL controls the facilitator strategy at the dialogue-act level; the LLM realizes fluent utterances in a
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Figure 1: group MI environment, observation, reward, LSTM, SAC policy, and LLM realization loop. - S— J,,// f E
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Llama 3.1 8B 0.12 — 3.47%%* 3.82 — 4.87%* 0.83 - 0.63 1.83 — 2.25 0.246*** fné
=
Mistral 7B 0.05 — 0.67%** 0.65 — 5.05%** 10.38 — 16.23%** 0.80 — 1.13 0.417%** :%
5
Mistral Nemo 12B 4.07 — 5.12%% 5.38 — 2,75 %** 4.37 = 4.90 1.87 — 2.02 0.095*** °*§
Pt
<P
Qwen 3.5 9B 3.30 — 4.23** 4.90 — 5.68 3.03 — 5.90%** 6.67 — 6.23 0.148*** Eﬁ
=
S
Table 1: -mean MI act counts, simplified as BL. — RL; arrows/stars preserve the significance markers. Good practice: more change talk and reflections, less sustain 35‘
talk and questions (partial results). %0
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v RL increases facilitator reflections v RL produces clear policy shifts -
across all four LLMs. <

v Participant change talk shifts

are model-dependent but meaningful.

What behavior does RL actually learn?

Overall policy shift: Baseline vs. RL

Therapist overall act distribution: Baseline vs RL
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RL shifts the facilitator away from generic invites toward patient-centered
planning, solutions, encouragement, and information-seeking compare to

\§ pure LLM baseline.
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with significant Jensen—Shannon divergence (JSD) for every model.

v The learned policy is strategically different

not merely more fluent.

Stage progression under RL Key findings
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increase facilitator reflections
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Interpretation: the learned

.. policy is not merely more
RL policies more often reach later stages, " fluent; it becomes

| in receptive and resistant cases. J strategically different.
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