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Development of a Lead Climbing Route-Finding Simulation Using
Inverse Kinematics and Reinforcement Learning
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Abstract This study aims to develop a route-finding simulation focused on lead climbing, an official Olympic
discipline. Objects were strategically using Unity placed and variables defined to construct a realistic climbing
environment. Various climbing postures were generated, and the joint positions of the climber model were
calculated using the FABRIK algorithm. ML-Agents were utilized to define vector observations and discrete
actions, with stable postures determined using the CCW algorithm. Functions for behavior masking and agent
action selection were implemented. Simulation results confirmed the feasibility of route-finding to the top hold,
showing promise in enhancing training for lead climbers.
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Table 1. The list of objects placed in a Unity scene
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Table 2. Variables of S for climbing postures
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Table 3. Variables of T for climbing states
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Table 4. Other variables
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Table 5. Defining the method of T for calculating variables of
climbing states
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Figure 2. Calculating arm positions using the FABRIK algorithm
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Table 6. Discrete behavior definition
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Table 7. Selecting the correct three—point stance
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Algorithm 1. Algorithm for initializing episodes at the start
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Algorithm 2. Algorithm for masking discrete actions
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Table 10. Setting up a reinforcement learning environment
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Figure 3. Comparing Cumulative Rewards in TensorBoard
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