Learning Behavior Representations Through Multi-Timescale Bootstrapping
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Motivation BAMS: Bootstraping Across Multiple Scales
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Building block: Temporal Convolutional
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Objective 1: Latent Predictive Learning » Bootstrap the embeddings in each latent
- Use different positive ranges for short-term space, inducing different rates of smoothness
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Task: Unsupervised learning of behavior embeddings from tracking data
Evaluation: To evaluate the representational quality of the learned embeddings, we perform linear readout of 13 sets

Simulation: NVIDIA's Isacc Gym simulator + Pretrained RL agents of labels, including time of day, chasing behavior, and mouse strain

We simulate multiple robots walking on procedurally generated terrains Sequence-level subtasks Frame-level subtasks
Model F1-score MSE T1* T2* T3 T13 T4 TS T6 T7 T8 T9 TI10 TI11 TI12 y

Data: We track 12 keypOintS representing the robot’s joints # 1 30.3 0.09296 | 0.09019 0.09523 82.20 6940 | 190 124 71.62 5552 3020 040 1.63 1.10 20.45
# 2 28.3 0.09289 | 0.09057 0.09513 67.20 6690 | 2.70 6.60 7147 354.67 2030 0.68 331 237 18.54

Two factors modulate the behavior: Floscore #3BAMS (Ours) | 284  0.09298 | 0.09037 0.09513 67.10 69.50 | 2.16 231 6642 5328 30.18 045 165 1.14 19.14

. Terrain type: Flat Stairs or Slope (Short-term) Model Terrain type  Robot type PCA baseline 7.99 0.09430 | 0.09415 0.09449 3383 4.13 | 0.00 0.00 1269 0.08 0.00 0.00 0.00 0.00 0.00 |

- Robot t e°.Robc’)t’s morphology influences Snort-term + Long-term 0.73 098 e

YPE: P 9Y Short-term only 0.50 0.86 BAMS achieves competitive results. Our analysis shows that some factors are exclusively captured in either the
movement (Long-term/Global) Long-term only 0.62 0.99

short-term or the long-term embedding, or require both timescales to be revealed . .
Relative decrease of accuracy from baseline



