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interactive gameplay




interactive gameplay

includes a slider interface for controlling behaviour






What are the Agents!



Reinforcement learning

Agents

observations actions

information about the pO“Cy
environment .

what it can do

feedback from the environment

Given an observation, an agent chooses an action to attain some long-term goal
Goal: use to develop a policy to maximise long-term reward



Reinforcement learning

Agents

components for the driver
observations actions

information about the pO“Cy

] what it can do
environment

reward

feedback from the environment



Reinforcement learning in Gran Turismo
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Wurman et al., 2022, Outracing champion Gran Turismo drivers with deep reinforcement learning, Nature



Reinforcement learning in Gran Turismo

observations actions

pO\iCy what it can do

feedback from the environment

r = Z w.r; comprises multiple terms



Reinforcement learning in Gran Turismo
Agents that can be interactive

observations actions

pO\iCy what it can do

feedback from the environment
r = Z w.r; comprises multiple terms

w; can be a range

Schaul et al., 2015, Universal Value Function Approximators, PMLR



Reinforcement learning in Gran Turismo
Coachable Agents for interactive gameplay
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Capobianco et al., 2026, under review at TMLR



Demonstration on a humanoid

Coachable Agents
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Coachable Agents

and directions for flow control

Frutos et al.,, 2025. Enhancing Energy Generation While Mitigating Noise Emissions in Wind Turbines Through Multi-Objective
Optimization:A Deep Reinforcement Learning Approach,Wind Energy Journal



Coachable Agents

and directions for flow control

feedback from the environment

reward = w__, .. reward + w, i reward

power power noise

Frutos et al.,, 2025. Enhancing Energy Generation While Mitigating Noise Emissions in Wind Turbines Through Multi-Objective
Optimization:A Deep Reinforcement Learning Approach,Wind Energy Journal



Coachable Agents

and directions for flow control
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Frutos et al.,, 2025. Enhancing Energy Generation While Mitigating Noise Emissions in Wind Turbines Through Multi-Objective
Optimization:A Deep Reinforcement Learning Approach,Wind Energy Journal



Coachable Agents

and directions for flow control
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Frutos et al.,, 2025. Enhancing Energy Generation While Mitigating Noise Emissions in Wind Turbines Through Multi-Objective
Optimization:A Deep Reinforcement Learning Approach,Wind Energy Journal



Coachable Agents

and directions for flow control

¥  Observer location “
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x [m] Pretraining with reward weight UVFA can allow for real-time adaptation.

This may be extended to more flexible notions of “noise”.

Frutos et al., 2025. Enhancing Energy Generation While Mitigating Noise Emissions in Wind Turbines Through Multi-Objective
Optimization:A Deep Reinforcement Learning Abproach, Wind Energy Journal



warey,  REINfOrcement learning for mixing in a flow
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random forcing at a fixed energy level
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Mishra et al., 2026, in prep.



Coachable Agents

reward

W reward

pOwer POWCT + 44

noise noise
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